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Abstract 

The modern digital age led to the creation of a field called digital genealogy. To this day there seems to be little consen-

sus on which database approach is most suited for such environment; genealogical data remains overlooked in database 

research. This study examines whether the popular relational SQL database systems prove themselves to be more effi-

cient than graph databases when operating on graph-like genealogical structures. The article analyses PostgreSQL and 

Neo4j database engines’ efficiency, comparing them across different sizes of genealogical datasets and types of opera-

tions on artificially generated data. Results show that an optimized SQL approach is generally faster and uses less 

memory than the graph-based counterpart, while requiring more disk space, in all tested cases. 
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1. Introduction 

Nowadays, more and more people are interested in 

genealogy, which involves searching for information 

about family history and origins. For many, it has be-

come an absorbing passion. One of the most important 

aspects of this field is documenting relationships be-

tween family members. Beginners usually intuitively, 

yet correctly, represent them as a graph, with people as 

nodes and relationships as edges. However, they typi-

cally just write them down on a piece of paper. For 

more experienced genealogy enthusiasts, this proves 

insufficient, as they collect hundreds or even thousands 

of records about people and constantly update them. 

This naturally forces them to manage their data digital-

ly. For this purpose, genealogical programs and online 

services using databases were created. For software 

engineers, this raises questions: which databases are 

used by such applications and how this data is stored. 

Most importantly, however, the question is which type 

of database offers the best efficiency for genealogical 

queries, that is, queries concerning information about 

family members and their relationships. 

Relational databases have dominated the market for 

years, but non-relational databases have also become 

popular. They differ in the way they store data and han-

dle relationships. Genealogical data is structured in a 

hierarchical, graph-like way and often requires complex, 

deep queries. Database efficiency may depend on the 

data model and the type of query. Therefore, choosing a 

database for a genealogy application may not be obvi-

ous, and comparing their efficiency across different 

scenarios can provide new valuable insights, as related 

research in this area is sparse and mostly outdated. 

For the purposes of this study efficiency was defined 

mostly as speed of query execution alongside the less 

important RAM (Random Access Memory) and disk 

usage, where lower values are deemed as more efficient.  

2. Purpose and scope of the work  

The purpose of this research is to determine which data-

base system type – SQL or graph-based – will prove 

more efficient in context of genealogical datasets. 

To achieve that goal, three different genealogical da-

tasets were created in addition to testing application 

which gathered relevant results. 

In essence, the study answers the following research 

questions: 

Q1: Which system — PostgreSQL or Neo4j — achieves 

shorter response time of queries in a genealogical con-

text? 

Q2: How does changing the data size affect the re-

sponse time of PostgreSQL and Neo4j? 

Q3: Does the system with the shorter response time 

require more system resources (RAM, disk usage)? 

3. Background 

3.1. Modelling genealogical data and its specifics 

To understand the specifics of genealogical data, it is 

best to start by analysing the structure of a GEDCOM 

(GEnealogical Data COMmunication) file, which is de 

facto the standard for exporting and importing data 

between genealogy applications [1]. It stores data com-

mon to various genealogical solutions, such as individu-

als and their parental and marital relationships but also 

information associated with them like people’s names, 
their dates of birth, marriage and death, or the places 

where these events occurred. 

Genealogical data has specific characteristics that 

must be taken into consideration when handled by data-

bases. Although a parent-child relationship graph is 

commonly referred to as a family tree, it is in fact most 

often a DAG (Directed Acyclic Graph) in which the 

phenomenon of pedigree collapse frequently occurs. 

When related individuals have a child, this disrupts the 

tree structure. Next issue pertains to people who were 
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adopted or had children with different partners. GED-

COM format handles these situations [2] and every 

comprehensive application along with its database 

should account for these situations as well. 

When it comes to SQL (Structured Query Language) 

relational databases, they do not naturally support hier-

archical or graph structures. Nevertheless, there are 

certain approaches [3], the most popular of which is the 

Adjacency List with a separate table for edges [4]. Its 

write operations are fast but read operations are relative-

ly slow. This method requires multiple JOIN operations 

or the recursive use of CTEs (Common Table Expres-

sions), which modern databases such as PostgreSQL 

support [4]. Another approach is the Closure Table [4], 

which is mainly used as a precomputed structure to 

speed up queries. Other approaches are generally un-

suitable for genealogical graphs. 

Non-relational databases are more flexible and scal-

able than relational databases [5]. Among them, docu-

ment databases such as MongoDB can be distinguished, 

which are a reasonable option for storing low-depth 

genealogical trees within a single document [5]. Anoth-

er type is wide-column databases such as Cassandra [5], 

which are generally not well suited for hierarchical data, 

but are effective as an operational layer due to denor-

malization [6]. Key-value databases such as Redis can 

also be distinguished, however they are generally only 

suitable for storing simple key-based data [5]. The last 

but significant category is graph databases such as 

Neo4j, which naturally represent data in graph form as 

nodes and edges [7]. Both elements can store properties, 

and traversing from one node to another (i.e. traversal) 

is a native operation [8]. 

3.2. Databases used by genealogical services and 

programs 

Analysing the genealogical services and programs, one 

might come to conclusion that they use both relational 

and non-relational databases for storing genealogical 

trees. However, not all information is available publicly 

and most of it remains speculative. 

The Findmypast service acknowledges that it uses 

different databases including Microsoft SQL Server and 

MongoDB. However, PostgreSQL is their de facto 
standard for relational databases [9]. They also experi-

mented with the Neo4j database, with promising re-

sults [10]. The MyHeritage service most likely uses the 

ScyllaDB wide-column database [11]. The Fami-

lySearch service used an Oracle SQL database, but due 

to insufficient performance, they switched to a wide-

column database based on Apache Cassandra [6]. The 

Ancestry service most likely uses one of the graph-

based databases [12]. The RootsMagic program uses 

the SQLite 3 database engine [13]. Gramps, an open-

source program, uses SQLite and PostgreSQL and its 

data model is based on objects such as Person, Family 

and ChildRef [14]. 

3.3. Comparative efficiency analysis of relational 

and non-relational databases 

When talking about similar studies analysing differ-

ences between database systems, most works focus only 

on the base capabilities of the engines [15]. Although 

optimizations of data structures and queries were 

a common occurrence, extensions like for example 

APOC (Awesome Procedures on Cypher) [16], were 

rarely taken under consideration. 

Another trend often found in other works is usage of 

multiple datasets, mainly differing in size, ranging from 

couple thousand up to a several million of items [17]. 

However, the variation in dataset sizes was not some-

thing too common, with many studies often trying dif-

ferent types of data structures [18] or simply relying on 

a single dataset [16]. 

The most common metric was execution time [15], 

or its derivatives like throughput [19] defined by the 

number of operations per unit of time. Another less 

common appearing metric was disk usage, describing 

amount of space taken by imported data, however in 

some cases it was the focus of the whole work [17]. The 

common way of gathering results was using an external 

application written in widely used languages such as 

Java [20]. 

Results reported in other studies are rather inconclu-

sive. Some studies determine clear domination of the 

SQL-based approach in most cases [21], some implying 

that non-relational databases are the more efficient ones 

in all types of situations [16] and some reporting more 

mixed results [22]. Despite that, one general observation 

can be made: the structure of the tested data [18] and the 

type of query being executed [22] seem to have a signif-

icant influence on the results. 

No recent reputable studies were found comparing 

the performance of databases for genealogical data. The 

latest relevant study identified was published in 

2017 [23]. The authors compared database performance 

on genealogical DAG-structured data. PostgreSQL 

outperformed Neo4j and MongoDB in execution time, 

though the study was limited by a small dataset, did not 

consider measurement of resource usage and scalability, 

and used only two types of query scenarios. 

3.4. Research gap 

As described before, genealogical data is quite specific 

in its structure and because of that little research has 

been done comparing the performance of operations on 

this type of data in database engines, and the existing 

studies are incomplete and outdated. Graph databases 

appear in studies, however mainly as one of the con-

tenders rather than the focus of the study. From this it 

can be concluded that a study pertaining to the genea-

logical prospect of databases might prove important, not 

only in the field of digital genealogy, but also in the 

field of graph databases. 
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4. Research materials and methods 

4.1. Selected databases 

For the experiment, PostgreSQL and Neo4j were select-

ed as representative relational and non-relational data-

bases, respectively. 

The PostgreSQL database was selected due to its 

popularity among relational databases and high stability. 

It has advanced and modern features, including support 

for recursion in CTE expressions, which is important for 

hierarchical structures. An additional advantage of this 

database is that it is fully open source. 

Neo4j was also chosen because of its popularity and 

large community. It is a natural choice for graph struc-

tures, where data has many connections. It has good 

documentation, and its query language, Cypher, is easy 

to understand. In addition, it features the Neo4j Browser 

tool for intuitive and user-friendly graph visualisation. 

4.2. Data model 

The genealogical data model prepared for the study 

contains the most important and common data stored in 

GEDCOM files. It is a compromise between implemen-

tation simplicity and the complexity of genealogical 

systems. On the one hand, less significant elements such 

as events and sources have been omitted to focus the 

analysis on key genealogical queries. On the other hand, 

the model is complex enough to handle common scenar-

ios. The Person and Family entities can be identified 

here. In terms of relationships, a parent–child relation-

ship can be distinguished with types such as biological, 

adopted, or foster as well as a partnership relationship 

with statuses such as e.g. married, divorced, or part-

ners. The Family entity here is an aggregate of spouses 

and children. This is the same approach used in formats 

such as GEDCOM or in software such as e.g. Gramps, 

and it allows for easy retrieval of children originating 

from a given union. This data model was implemented 

for both databases (Figures 1 and 2). 

 

Figure 1: Graph data model for Neo4j 

 

Figure 2: Physical ERD diagram for PostgreSQL 

4.3. Dataset generation 

For the purpose of the study, three synthetic datasets 

containing 1,000, 10,000, and 100,000 individuals were 

generated. Synthetic data were used due to the ability to 

precisely control dataset size and the number of genera-

tions, the lack of sufficiently suitable historical data, and 

legal constraints associated with their use. Nevertheless, 

the parameters were selected to roughly correspond to a 

typical pre-industrial period. The data were generated 

using a Python script in a top-down approach, i.e. from 

an initial group of ancestors down to their descendants. 

The simulation runs year by year, starting from a prede-

fined initial year until the target population size is 

reached. Five regions were created. Between years 20 

and 30 of the simulation, additional immigrants are 

introduced. Marriage age is modelled with mean ages of 

22 for women and 25 for men. Partners from the same 

region are preferred, and pedigree collapse occurs, 

whereby the sum of the distances between candidates 

and their closest common ancestor must be at least sev-

en. The age distribution is dominated by young individ-

uals, with few elderly people, especially above 80 years 

of age. The number of children in a family is sampled 

from a Poisson distribution. Historical child mortality 

(30%) is also modelled here. First names, surnames, 

occupations, causes of death, and places are randomly 

selected from predefined name pools. 

A helper script was created to identify the parame-

ters, such as e.g., the random seed value, that generate a 

non-extinct population with a predefined number of 

individuals and generations for a given da-

taset (Table 1). A fixed random seed was used ensuring 

that the study can be replicated by other researchers. 

The script generates CSV (Comma-Separated Values) 

files with the same data for both databases, formatted 

for bulk import via their respective engines. It also gen-

erates statistics for the generated datasets in the form of 

text files and charts, such as that in Figure 3, as well as 

recommending parameters for individual scenarios, 

automatically updating them in queries and creating 

files with the exact expected query results for valida-

tion. 
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Table 1: Simulation parameters for each dataset 

Parameter 1,000 10,000 100,000 

Initial year 1650 1400 700 

Seed (helper script) 748,376 748,376 748,376 
Poisson fertility rate (helper 

script) 
7.10 4.99 4.53 

Founder couples (helper 
script) 

19 63 77 

Immigrants per year (helper 

script) 
1 2 4 

LCA path search depth 

(scenario) 
8 12 21 

LCA path expected depth 
(scenario) 

8 12 16 

Ancestor depth (scenario) 5 10 20 

Descendant depth (scenario) 5 10 17 
Number of generations  

obtained 
9 20 50 

 

Figure 3: Parent–child relationship graph (10,000 dataset) 

4.4. Experimental environment 

The experiments were conducted in the environment 

specified in Table 2. 

Table 2: Experimental environment specification 

Category Component Specification 

Hardware 

Processor 
Intel Core i7-10700K, 3.8 GHz, 

up to 5.10 GHz, 16M Cache 

RAM 
Kingston FURY 32GB 

(2x16GB) 3600 MHz CL16 

Disk 
Samsung 1TB M.2 PCIe NVMe 
970 EVO Plus 

Software 

Operating system Ubuntu Server 24.04.04 LTS 

Docker Engine 29.3.0 
Container re-

source limits 

8 GB RAM, 8 CPUs (shared, one 

database active at a time) 

PostgreSQL 17.9 
Neo4j 5.26.23-enterprise (LTS) 

.NET SDK 9.0.116 

BenchmarkDotNet 0.15.8 
Python 3.13.13 

The databases were run in Docker containers man-

aged by Docker Compose. Their memory was config-

ured to ensure optimal performance and fit within the 

container memory limit. Logging and other unnecessary 

system mechanisms were disabled in both databases to 

reduce the I/O overhead. Parallel processing was disa-

bled in both database systems to compare single-

threaded execution during benchmarking. 

Ubuntu Server was installed on the machine in a 

minimal configuration without unnecessary packages. A 

150 GB partition was created. Using a Bash script, the 

environment was prepared for reproducible and stable 

benchmarking. Unnecessary services, sockets, timers, 

and swap were disabled. The processor was set to per-

formance mode, and Turbo Boost was enabled. Stable 

versions of Docker, .NET SDK, and Python were in-

stalled, and Python virtual environments were created. 

Container images for the databases were also down-

loaded and prepared. 

4.5. Test scenarios 

For the study, nine typical and diverse test scenarios 

were created, covering different use cases of the genea-

logical system, ranging from simple filtering operations 

to deep graph traversals: 

1. Finding the lowest common ancestor(s). 

2. Filtering individuals by surname and birth year 

range. 

3. Counting the number of births by city and quarter-

century. 

4. Retrieving all unique ancestors of a given person up 

to the Nth generation. 

5. Retrieving all unique descendants of a given person 

up to the Nth generation. 

6. Finding the person/people who became a parent at 

the youngest age. 

7. Updating place names. 

8. Adding biological parents to an adopted person and 

their sibling. 

9. Removing the biological parents of the adopted 

person and their sibling. 

The queries often return multiple columns. For dif-

ferent dataset sizes, the traversal depth of the search 

increases (scenarios 1, 4, and 5). The scenarios can be 

divided into traversal scenarios (1, 4, 5), calculation 

scenarios (2, 3, 6) and modification scenarios (7, 8, 9). 

Some of them include only biological relationships. 

It was assumed that the queries in the experiment 

would be written in pure Cypher and SQL, without 

additional extensions such as APOC for Neo4j or 

Apache AGE for PostgreSQL. The best solutions for 

each database were used instead of forcing analogous 

implementations and execution time was the main prior-

ity. The queries were required to return exactly the same 

tabular or scalar result for both databases. To optimise 

queries, standard indexes based on primary and foreign 

keys, and columns used in WHERE and JOIN clauses 

were applied. 

4.6. Performance metrics 

The performance metrics of the study are presented 

in Table 3. 

Table 3: Performance metrics 

Metric Unit Resolution 

Response time of a query / Import time ms 1 ns 

Memory usage / Disk usage MB 4.096 KB 
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For the purposes of the study, response time of  

a query was chosen as the main metric of efficiency, 

being a commonly used metric, seen in various studies 

of similar kind. A secondary metric – average memory 

usage is present in the study; however, analysis of the 

results was focused primarily on the response time. For 

Neo4j, an additional memory usage metric is present, 

based on JVM (Java Virtual Machine) heap size values 

instead of raw memory used by the process. However, 

units and resolution of this metric are the same for both 

approaches, with results being measured during or im-

mediately after query execution. 

For import segment of the study, two metrics were 

determined: execution time of bash scripts responsible 

for importing the relevant dataset to a database and disk 

space taken by imported data. 

4.7. Test application and processing experimental 

data 

Application testing the efficiency of the set-up data-

bases is a program written in C# using .NET 9. Testing 

consisted of repeated calls to databases for execution 

time segments and Docker-based bash script invocations 

for import segment of the testing. BenchmarkDotNet 

library, used in the process of testing, measured the 

execution times of queries and bash scripts in addition 

to basic aggregation of the results. For RAM usage data, 

results were gathered from docker container cgroups 

files – providing exact data about resource usage,  

including memory. Additional heap memory data for 

Neo4j was read directly from the JVM the database ran 

on. Disk space usage was read using du – a utility  

program available on Linux. 

The measured part of the execution of the queries 

involved calling previously created database drivers 

either fully consuming the result rows and their fields 

into a reusable object or fetching the number of items 

affected, for non-modifying and modifying queries 

respectively. Before and after each iteration special 

setup and cleanup steps were invoked (Figure 4), which 

stabilized the periodic memory reading, but also  

reversed operations for data modifying queries. Script 

invocations were executed similarly to queries, however 

no return values besides exit code were being processed. 

Testing occurred for each combination of database 

and dataset with first couple of measurements treated  

as warmup and being ignored in further analysis. For 

import tasks first two measurements were treated as 

warmup, while for execution times first 10 attempts 

were ignored as well. After each iteration, the script 

pauses for two seconds to ensure that memory meas-

urements are correct, and previously executed tasks 

have little influence on the readings. During and after 

each iteration, a periodic memory reading was conduct-

ed with a 30-millisecond interval. 

Data import was performed using the COPY and 

neo4j-admin tools, as they were determined to be the 

fastest methods for importing large amounts of data into 

PostgreSQL and Neo4j databases, respectively. 

Resulting data for both execution times and memory 

usage did not allow for assumption of equal variances 

between samples, therefore a Welch’s t-test for two-

sample mean comparison was used during the analysis. 

No outliers were identified or excluded in the gathered 

data for both time- and byte-based metrics. 

 

Figure 4: Measurement workflow for each combination of data size 

and database 

5. Results 

Results of the performance analysis are presented in 

three subsequent sections: import analysis, response 

times and memory usage. Plots regarding time-based 

metrics additionally display 95% confidence intervals in 

black. 

5.1. Import analysis 

Import times (Figure 5) for PostgreSQL were signifi-

cantly faster than import times for Neo4j for all dataset 

sizes. Neo4j took over three seconds to import data for 

each dataset size, while PostgreSQL never passed a 

quarter of a second of import time. The import times 

grew with dataset size for both databases, with Post-

greSQL needing more than three times more time with 

largest dataset than with the smallest one. Neo4j scaled 

relatively much better in that regard, needing only about 

1.5 seconds more during the import of the largest da-

taset, compared with import of the smallest one – per-

centage difference of 37% between results for largest 

and smallest one. 
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Figure 5: Average import time 

Disk usage (Table 4) was lower for Neo4j in every 

case; however, with increasing dataset size, the percent-

age difference between two database systems grew 

smaller. The absolute difference, though, remained 

constant (~7 MB). 

Table 4: Disk usage 

Database 1,000 people 

dataset 

10,000 people 

dataset 

100,000 people 

dataset 

PostgreSQL 8.5 MB 12.2 MB 49.9 MB 

Neo4j 1.5 MB 5.1 MB 42.9 MB 
Percentage 

difference 
140% 82% 15% 

5.2. Response times of the queries 

Despite varying dataset sizes and queries differing from 

traversal to data modification, PostgreSQL proved itself 

to be faster (Figure 6), barring one exception. Addition-

ally, for queries of traversal (queries 1, 4 and 5), calcu-

lation (queries 2, 3, 6) and update (query 7) types, exe-

cution times rose with the size of the dataset. 

 

Figure 6: Average execution time for one of the traversal type queries 

– Descendant Retrieval 

Results show that for the largest used dataset and for 

the calculation type query (query 6 – Youngest Parent 

Search) average execution times (Figure 7) for both 

database types were not significantly different. Similar 

results were observed for scenario 3; however, the anal-

ysis still showed that results for Neo4j were worse if 

only ever so slightly. 

 

Figure 7: Average execution time for query 6 – Youngest Parent 

Search 

Data modification query results (queries 8 and 9 – 

Family Insertion and Removal), while continuing the 

trend of faster execution times for PostgreSQL calls, 

suggest that there is little to no correlation between 

execution time of these types of operations and the 

current size of the dataset in the database (Figure 8). 

 

Figure 8: Average execution time for query 8 – Family Insertion 

5.3. Memory usage 

Neo4j’s preallocated memory exceeds PostgreSQL 
dynamic memory usage in all scenarios. On average 

PostgreSQL never used more than 800 MB of memory, 

while Neo4j started with around 3,775 MB preallocated 

as per JVM settings. However, a comparison is still 

somewhat possible if based on Neo4j’s heap allocation 
inside of JVM. 

Similarly to execution time results (Figure 9), where 

PostgreSQL proved to be generally more efficient, 

memory usage of SQL-based database proved to be 

generally lower if comparing to average heap size of 

Neo4j. 

 

Figure 9: Average memory usage for the largest dataset 

PostgreSQL’s average memory usage reached its 

peak during data modification queries for all dataset 

sizes, while Neo4j’s peaks differed between datasets. 
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6. Discussion 

The obtained results make it possible to evaluate  

performance differences between the tested databases 

across different scenarios in terms of execution times,  

as well as scalability, RAM usage, and disk space  

consumption. 

Regarding Q1, the results indicate that the  

PostgreSQL database generally achieved shorter re-

sponse times for every type of query. The only excep-

tion is the case in scenario 6 for the 100,000-record 

dataset, where the times are comparable. The better 

performance of PostgreSQL may be due to its advanced 

query optimizer, as well as its more efficient use  

of indexes. The difference in execution times is most 

visible in traversal queries, especially for the largest 

dataset. Such queries require exploring multiple paths to 

the same node in order to find the shortest one. This is 

characteristic of genealogical data, where individuals 

often share common ancestors. The results suggest that 

queries written in pure Cypher for Neo4j handle this 

type of workload less efficiently. In the preparation 

phase, it was observed that further increasing the depth 

would eventually prevent the Neo4j query from being 

executed altogether due to exceeding transactional 

memory limits. As for the import time, the worse result 

for Neo4j is due to the inherent overhead of starting the 

JVM for the neo4j-admin tool. 

Regarding Q2, the differing scalability behaviour 

across scenarios may suggest that this depends on the 

type of query. For traversal scenarios (scenarios 1, 4, 5), 

increasing query depth causes a superlinear growth in 

execution time in both databases. However, Neo4j with 

its pure Cypher appears to perform less well at larger 

scales. For aggregation, youngest parent search, and city 

name update (scenarios 3, 6, and 7), a sublinear to linear 

increase is observed, which appears to be due the mod-

erate cost of this type of queries. The decreasing differ-

ences in execution time for scenarios 3 and 6 between 

the databases may suggest that, for very large datasets, 

Neo4j may match PostgreSQL and potentially even 

outperform it in these scenarios. For the remaining  

scenarios (2, 8, 9) and the data import, execution time  

is independent of dataset size or behaves sublinearly. 

This results from performing the same operation regard-

less of dataset size for insert and delete operations  

(scenarios 8 and 9) or the use of B-tree indexes for  

filtering operations (scenario 2). For the data import, 

execution time increases more gradually for Neo4j, 

which suggests that its main cost is the JVM overhead 

of the database, and the dataset growth itself has less 

impact on the execution time of the operation. 

Regarding Q3, PostgreSQL, which generally 

achieves shorter response times than Neo4j, requires 

significantly less RAM usage in most cases, but slightly 

more disk space for the database. Thus, shorter response 

time does not necessarily imply higher resource  

consumption. High RAM usage in Neo4j results from 

its architecture, where it is recommended to allocate  

a fixed JVM heap size even if not fully utilized.  

The size of Neo4j’s JVM heap memory alone, used only 

as a reference value, is still higher than the total 

memory usage of the competing database in most cases. 

In contrast, PostgreSQL does not require pre-allocation 

and can optimize memory usage more efficiently, which 

significantly reduces its consumption. The percentage 

difference between the database disk sizes decreases 

with scaling. However, the absolute difference remains 

constant (~7 MB), which suggests a fixed structural 

overhead in PostgreSQL, likely resulting from its rela-

tional storage model and indexes. 

The results of the study are consistent with mixed 

findings in the literature, where different studies report 

varying outcomes due to differences in tested data struc-

tures and query types. In this case, the results align with 

the findings where relational databases achieved better 

overall performance than non-relational/graph data-

bases. Existing research in the field of genealogy is 

limited, outdated, and incomplete. Therefore, the study 

provides valuable insight into the performance of data-

bases for this type of queries. These results may be 

useful for software engineers developing genealogical 

systems and provide a basis for future research in this 

area. 

The results of the study should not be treated as  

a definitive indication of which system to choose for  

a genealogical system, as it contains certain limitations 

that require further research. First and foremost, the 

study did not consider the use of database extensions, 

e.g. the APOC plugin for Neo4j. These extensions were 

used by certain authors in previous studies [16] and 

could potentially improve performance, especially in 

traversal scenarios. Secondly, the measurements includ-

ed driver overhead, deserialization, and data mapping in 

the application. A minor impact on the results may also 

have been introduced by the use of the intermediate 

Family node. Another commonly used model employs 

direct relationships between children and parents. A 

minimal impact may also have been caused by the sim-

ultaneous measurement of RAM during execution time 

measurement, as well as a limited number of warm-up 

and measurement iterations. 

7. Conclusions 

The aim of this study was to compare the efficiency of 

selected relational and non-relational databases for  

genealogical queries, which was successfully achieved. 

The results suggest that PostgreSQL achieves short-

er execution times for every type of scenario, except for 

scenario 6, the youngest parent search for the  

100,000-record dataset, where the times are comparable. 

The scalability behaviour depends on the scenario.  

The faster PostgreSQL database uses less RAM but 

slightly more disk space for every dataset size. 

The study provides a foundation for further research 

and offers valuable insights for developers of genealogy 

services and programs, regarding not only performance 

but also the data model. 

The research certainly did not cover all possible  

aspects. Further work could include the previously  

mentioned examination of a model with direct relation-
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ships between individuals, as well as the use of add-ons 

and extensions for databases. It would be valuable to 

investigate execution times under cold cache conditions, 

both with and without the use of indexes, as well as to 

measure the execution time of the database engine itself. 

The study could also be extended to include other types 

of relational and non-relational databases, such as Mon-

goDB or Apache Cassandra, as well as the use of real 

historical data. 
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