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Abstract— First name to gender mappings have been widely 
recognized as a critical tool to complete, study and validate 
data records in a range of different areas. In this study, we 
investigate how organizations with large databases of existing 
entities can create their own mappings between first names 
and gender and how these mappings can be improved and 
utilized. Therefore, we first explore a dataset with 
demographic information on more than 6 million people, 
provided by a car insurance. We then study how naming 
conventions have changed over time and how they differ by 
nationality. Second, we build a probabilistic first name to 
gender mapping and augment the mapping by adding 
nationality and decade of birth to improve the mapping’s 
performance. We test our mapping in a two label and three 
label setting and further validate our mapping by categorizing 
patent filings by gender of the inventor. We compare the 
results with previous studies’ outcomes and find that our 
mapping produces high precision results. We validate that the 
additional information of nationality and year of birth improve 
the recall scores of name to gender mappings. Therefore, it 
constitutes an efficient process to improve data quality of 
organizations’ records, whenever the attribute gender is 
missing or unreliable. 

Keywords-data quality improvement, record completion, 
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I.  INTRODUCTION  

High quality data is a key asset to improve efficiency in 
competitive business environments [1]. Practitioners and 
academics consider quality data a key organizational 
resource and agree that it should be managed accordingly 
[2]. Therefore, extracting valid information to support 
decision making is a critical success factor for an 
organization in today’s society [3]. As organizations began 
to investigate their own records to build decision support 
systems, some of the resulting data quality problems became 
observable for the first time [4]. A data quality problem 
caused by incorrect or incomplete attributes such as gender is 
commonly-cited by practitioners integrating two data 
sources. They report that linking two data sets through 
common demographic fields often fails since records have 
missing or flawed attributes, which are required for the 
matching [5]. Besides record linkage problems caused by 
missing or wrong gender attributes, the unvalidated 
application of erroneous gender derived insights can have 
devastating effects on a firms’ reputation, efficacy of 

marketing budgets and its strategic decisions [6], [7]. 
Organizations aim to avoid such data quality related 
problems by finding ways to improve and validate their own 
records in systematic ways [8]. Those organizations with 
data privacy concerns eventually avoid buying data for 
record completion from unknown and untested sources [7], 
[9]. Instead, they aim to leverage their internal data records 
to gain insights, build capabilities, comply with data laws 
and avoid reputational damages [7]. Building an algorithmic 
systematic categorization of gender, which is based on 
organizations’ existing records, helps organizations achieve 
these goals. Such a mappings allows the validation and 
completion of the attribute gender, however can only be 
performed, if a sufficiently large and representative amount 
of records are available. 

 
Existing research of the systematic categorization of 

gender can be found in the domains of humanities, marketing 
and information systems [10]–[12], [8], [13]. This is due to 
new forms of the widespread digitization, which opened up 
new opportunities to apply computational methods to 
archival databases. As predominantly corporate and federal 
digital records were made available for the public or for 
smaller circles of researchers, academia has been able to 
process this information and derive new knowledge. 
Alongside with the proliferation of machine-readable 
datasets and digital texts in general, a vast trove of material 
became available to study and estimate gender [10] inferred 
from various attributes. Those studies partially resulted in the 
creation of name to gender mapping tables. Intended as the 
outcome of an interim step to perform the studies' goal, these 
mappings of first names and gender were created and applied 
to categorize user records at large scale. Such mapping 
algorithms can infer the respective genders by looking up for 
example "Anna" and "Bob" in a dataset that matches first 
names to genders. Such n-to-gender rule based 
categorizations have been applied in humanities to categorize 
records in order to uncover the gender differences in a range 
of domains [10]. Further, such mappings were applied and 
discussed in the context of information science, marketing 
and census. Some author looked at gender differences over 
longer periods of time and have addressed the concern that 
many other studies' findings may not generalizable or stable 
over time. This concern is particularly stressed in studies 
evaluating the publication performance of female and male 
authors within the last decades [14], [15]. Generalization of 



findings is questionable due to the fact, that naming 
conventions not only differ by nationality, but also change 
over time. This problem is also known as the “Leslie 
problem” and has been researched in Anglo-Saxon countries 
[10]. A study on gender and naming practices found that 
conventions, like language itself, is not static [16]. Instead, 
we need an improved approach to infer gender from digital 
data sources, dynamically capturing other user attributes to 
improve categorization precision. Also, depending on the 
application type of the gender mapping, a user might be 
interested only in the high precision outcomes of the 
mapping or a “best guess”, providing a binary gender 
categorization with a high recall score for a complete lists of 
names. Therefore, the quality of a mapping can only be 
evaluated in context of the application.  

 
How to effectively build such a method with the goal of 

improving the data quality of a company’s data records and 
how precision and recall affect each other will be discussed 
in the remainder of this study. In section two we review the 
current literature on how naming gender mappings were 
created and where they have been applied with which 
success. Further we illustrate in Section 3, how our own 
mapping is created and how we can improve recall and 
precision results, which we state in Section 4. Finally, we 
discuss our findings in Section 5 and offer implication for 
practitioners while also stating the limitation of our study. 

II. RELATED WORK 

The categorization of gender is a problem that has been 
approached in different research domains. Studies and 
applications of available gender categorization tools can be 
found in the domains of Marketing, Humanities, Information 
Science and Census literature. Many researchers have 
performed gender categorization to uncover instances of 
gender inequity in a range of different areas, ranging from 
authorship of French Literature, to the disparities between 
attendees of the annual Digital Humanities Conference [17]. 
Others have contributed to identify attributes which allow 
gender categorization and can be applied in reversal. 

  
In Marketing, gender is one of the most common forms 

of segmentation used by marketers in general and advertisers 
in particular [18]. In general, males and females are likely to 
differ in information processes and decision making. 
Therefore marketing researchers have for example tried to 
identify gender based on a web users' perception of Web 
advertising [19] or browsing use pattern [20]. They found 
that the genders make use of the web differently [21], hence 
a user's gender can be identified, which presents 
opportunities for advertisers such as ad placement targeting. 
A prerequisite of any gender segmentation is the 
representation of real world entities to which they refer in a 
consistent, accurate, complete, timely and unique way [8]. 
The quality of the input data strongly influences the quality 
of the results [22] (“garbage in, garbage out” principle) and 
is essentially studied in two research communities: databases 
and management [23]. The first one studies data quality from 
a technical point of view (e.g., [24]), while the second one is 

also concerned with other aspects or dimensions (e.g., 
accessibility, believability, relevancy, interpretability, 
objectivity) involved in data quality (e.g., [25], [26]). The 
completion and the data quality improvement of a firms 
records, hence creates an opportunity for those enterprises 
that engage in efforts to take advantage of best practices in 
data quality management from a technical and dimensional 
point of view [11]. 

 
In the domain of Information Science, scholars predicted 

for example gender based on people’s internet browsing 
history [27]. The authors’ experimental results, based on 
click-through log, showed that they were able to achieve 
79.7% precision in gender categorization. Similarly, authors 
of [28]  have found significant linguistic differences between 
men and women, which can be identified in written or 
spoken form. The author determined multiple linguistic 
features such as character usage, writing syntax, functional 
words, and word frequency, which can be mapped to gender. 
Those and other features have been examined and are 
contained in the Media Research Center’ (MRC) 
Psycholinguistic database, however have not yet been used 
in reversal to categorize gender [28]. Authors of [29] applied 
a simple Neural Network to categorize gender on a sample 
that was extracted from the Enron email dataset, provided by 
the Carnegie Mellon University. The emails were labeled 
according to gender and the authors algorithm were able to 
achieve a 95% precision using word based features [29].  

 
In the domain of Humanities, initiatives like the Orlando 

Project, the Poetess Archive and the Women Writers Project 
have evaluated the share of female authors and writers. 
Further, authors such as [17] have studied the linguistic 
styles of male and female playwrights or representations of 
gendered bodies in European fairy tales. Authors of [30] 
uncovered the underlying trends across a century of 
academic articles in literary studies [30], also mapping first 
name to gender. Further, authors of [31] have performed a 
mapping between names and gender, based on historical 
African American naming practices and have identified a set 
of “distinctively African American names”. This mapping of 
name and gender has been used in a number of papers 
evaluating the share of African Americans in a list of names 
attributed to patenting activity [4,5]   gender categorization 
in general [33], age [34] and income estimation [35].  Most 
recently, the author of  [10] inferred gender from one of the 
most common features of humanities datasets, the personal 
names of authors. Mapping first names and gender over time, 
they investigated changes in naming conventions in the 
United States.  

 
In census, scholars have examined naming conventions 

and changes to those. They found that for example the 
conventional gender for names switched over the course of a 
few decades. In 1900 some 92% of the babies born were 
named Leslie were male, while in 2000 about 96% of the 
Leslies born in that year in the United States were female 
[10]. Changes in naming practices create a problem, 
especially for databases with records of people born in the 



“transition phase” of naming conventions. As the average 
lifespan of humans is increasing, this problem is further 
intensifying. Today, the average European citizen reaches an 
age of more than 80 years [36], which is sufficient time for 
naming practices to change [10]. Further, applying a name to 
gender mapping allowed to examine the role of patents 
attributed to female inventors to be discussed in research 
about gender disparity in patenting  [37]. In their research 
authors [37] created their mapping based on a universal and 
country-specific name lists of unknown origin, which they 
did not further elaborate upon and applied it on a sample of 
4.6 million utility patents granted by the United States Patent 
and Trade Office (USPTO). The authors of [14] concluded 
that the lack of academic and female innovators, which they 
identified from their mapping of name and gender, is a 
suitable metric for female innovation. Patent activity has also 
been studied in terms of gender distribution in a recent study 
by the Elsevier Analytical Services [14]. In this study, the 
authors have mapped research performance, including 
patents granted with inventors’ gender. The authors have 
relied on social networking service data to calculate the 
probabilities, hence naming conventions from the 1930 - 
1950 may not have been entirely representative for the 
current share of people alive. In the study using social media 
profiles, the authors have limited their mapping to names, 
which appeared at least 5 times in their data set and had a 
probability of male or female of at least 85%. 

 
Many studies we found discuss differences in genders’ 

behavior or segment based on gender. In order to label by 
gender, some authors found creative ways to create name 
gender mappings, whereas some relied on list created by 
other researchers. Some identified the need to consider other 
variables in order to improve the mapping quality and only 
very few [10] have quantified their findings, which carries 
importance depending on the usage goal of the name 
mapping, either preferring a high precision or a high recall.  

 
According to our systematic literature review, there is no 

research investigating the change in naming conventions and 
nationality together, nor has anybody evaluated or compared 
their mappings on recall and precision together, which 
carries importance in many data quality problems. Our 
literature review identified studies addressing how additional 
attributes can enhance the mapping quality (“Leslie 
problem”), however only for the United States. By 
composing an algorithm sensitive to nationality and year of 
birth, we aim to overcome the above mentioned research 
gaps and answer the following research question: 

 
RQ: How can we improve the categorization of 
gender based on first names? 
 
In order to answer this research questions, we collect a 

dataset from a Swiss car insurer and extract the first names 
and gender of each available policy. Further, we extract 
nationality and date of birth from the same vehicle insurance 
policies. In the process, we evaluate if the inclusion of those 
demographic characteristics hold discriminative power, 

allows to improve the categorization precision over basic 
first name gender mappings. We then apply our mapping to 
20,000 names, which the mapping algorithm has not seen 
and evaluate the mapping performance in two scenarios. 
First, by evaluating precision of the mapping outcome, 
categorizing into male and female names. In a second step, 
we evaluate the performance of the mapping in a three class 
scenario which contains female, male and unisex labels. 
Finally, we apply our mapping to a dataset provided by the 
Swiss Patent office and compare the results to data provided 
by Statista Data Services, elaborating on the share of patent 
applicants that were female in Switzerland from 1980 to 
2013 [38]. 

 
With our study, we contribute to the research stream on 

data quality improvement by presenting new evidence how 
organizations can leverage their own data records. Through 
the combination of demographic information with available 
name gender mappings, incomplete data records can be 
completed with the attribute gender in an efficient and 
accurate manner. Further, we contribute to the research area 
of data quality analytics within experimental algorithms in 
Information Science by following the recent call of [10] to 
provide a method for gender categorization that takes 
demographic changes over time into account. 

 

III. METHODOLOGY 

A. Dataset 

We create our name-gender tables from policy data of 
Swiss car insurer. This data is comprised of 6,872,617 names 
and their corresponding gender, nationality and date of birth. 
Out of 6,872,617 names, 45.5% (3,128,688) are labeled as 
females and 54.5% (3,743,929) as males. Our data is 
comprised of 217,360 unique first names of which 17,079 
unique names are occurring more than ten times in our data. 
Out of the 217,360 unique names, a total of 99,243 are 
uniquely labeled as females, whereas 110,905 are uniquely 
labeled as males. The remaining 7,212 names have certain 
frequency of being male and female. Of the 17,079 names 
occurring more than ten times in our dataset, a total of 7,807 
are uniquely male names, whereas 6,450 are female names 
and the remaining 2,822 names of our samples have 
instances of male as well as female first names in our data. 
We computed the probabilities of such first names being 
male or being female. Figure 1. illustrates the percentage 
share of females between 1900 and 2016. Our data shows a 
rising number of females from period 1900 to 1908 with 
female population reaching 70% in 1907. 

 



 
 

Figure 1.  Percentage of females over the years in the data sample 

B. Sample distribution 

Further exploring our data set, we test whether naming 
conventions have changed over time. Naming practices 
mostly show consistency, with the exception of a few first 
names such as Gabriele, Michele, Dominique, Deniz, Isa or 
Kim. These names occur frequently as male or female 
names. We find that some of these naming conventions for 
gender have changed over the years, partially even within 
one decade. Figure 2. shows the share of females named 
“Gabriele” in our database, relative to total number of people 
named “Gabriele” born in the respective year. As indicated 
by Figure 2., the name “Gabriele” used to be carried 
predominantly by females in early 1900s.  

 
In 1920-1940 it was a unisex name, while from 1960s 

onwards, “Gabriele” became a predominantly male name. 
Figure 3. shows a sharp decline of “Gabriele” as a female 
name from 1961 onwards and from 1985 on, we found only 
rare instances of “Gabriele” as female name in our data. 
 

 
Figure 2.  Female share of the name Gabriele 

 

 
Figure 3.  Change in frequency of the name Gabriele 

 
Finally, we explored differences in naming convention 
across 37 different countries. We found that a few names 
such as Andrea, Luca, Nicola showed particular differences 
in conventions and had sufficiently large counts (>100) for 
evaluation. For illustration, Figure 4. shows the percentage 
male and female share of the name “Andrea” in countries 
Switzerland (CH), Italy (IT), Germany (GE), with counts of 
29,448, 1,171, 790, 190. In Italy, people named “Andrea” are 
predominantly males, whereas in Switzerland, the name is 
male. 
 

 
 
 
 
 
 

 

 
Figure 4.  Nationality difference for the name Andrea                                        

 



C. Test sample 1: First names of vehicle insurees 

Out of the 6,872,617 observations, we randomly selected 
20,000 instances having name, decade of birth, nationality 
and gender. We excluded those observations before 
proceeding in calculating probabilities of our mapping 
algorithm, allowing to evaluate our model performance with 
a test set of observations, which the model has not seen.  

 
We take this random set of 20,000 rows to test our gender 
prediction algorithm. This set has 2,634 unique names, 8,512 
unique name, decade combinations and 9,800 unique name, 
decade, nationality combinations. Out of these 20,000 
instances 9,731 are female instances and 10,261 are male 
instances.  

D. Test sample 2: First names of Swiss patent inventors 

To test and evaluate our model’s performance in a second 
real life scenario, we downloaded all patents which were 
filed in Switzerland and available in the database provided 
by the Lens, an independent nonprofit institute of Cambia 
[39].  The patent dataset is comprises of detailed information 
of over 15,000 Swiss patents from the years 2009-2017. 
Each patent has detailed information such as the applicant 
name, type of the patent, inventor names, title, number of 
citations, application date and publication date. We have 
taken a random sample of 1,500 institutions, which filed a 
total of 1,543 patents. We apply our gender mappings to the 
names of the inventors, which for many patents are teams of 
people and compare the results with the numbers provided 
by Statista Switzerland  [38].  

E. Probabilistic frequency calculation 

Our model is based on the probabilistic occurrence of 
names and gender (see Table I, II and III). Therefore we 
count the occurrence of first name labeled as male and 
female. From the occurrence in each category, relative to the 
overall counts, we then compute the male and female 
probability of the first names being categorized male (P(m)) 
and female (P(f)), as illustrated in Table I. for the name 
'Peter'. 

TABLE I.  DISTRIBUTION OF THE NAME PETER 

Name Male (m) 
Female 

(f) 

Total 

(t=m+f) 
P(m) P(f) 

Peter 67,759 52 67,811 .999 .001 

 
We then further subgroup the two categories by their birth 
decade. From the occurrence in each subgroup, relative to 
the overall counts, we then compute the male and female 
probability of the first name classified male and female, as 
illustrated in Table II. for the name ‘Gabriele’. 

 
 
 
 
 

TABLE II.  DISTRIBUTION OF GABRIELE BY DECADE 

Name = 

Gabriele 
Male (m) 

Female 

(f) 

Total 

(t=m+f) 
P(m) P(f) 

Decade:

1900 

1910 

…. 

1990 

 

0 

3 

… 

180 

 

9 

12 

… 

6 

 

9 

20 

… 

186 

 

0 

.15 

… 

.96 

 

1 

.85 

… 

0.04 

 
 

Finally, we distinguished nationalities for all the 
subgroups. From the occurrence in each subgroups, relative 
to the overall counts, we then computed the male and female 
probability of the first name classified male and female, as 
illustrated in Table III for name 'Andrea'. We assume that 
adding decade and nationality will improve the mapping of 
name and gender for some of the naming exceptions, which 
we identified previously (see section A. Dataset). 

TABLE III.  DISTRIBUTION OF ANDREA BY NATIONALITY 

Name = 

Andrea 

Decade = 

1970 

Male 

(m) 

Female 

(f) 

Total 

(t=m+f) 
P(m) P(f) 

Nationality 

CH 

AT 

… 

IT 

 

718 

1 

… 

386 

 

8,313 

67 

… 

3 

 

9,036 

68 

… 

389 

 

.07 

.01 

… 

.99 

 

.93 

.99 

… 

.01 

 
 

F. Mapping of Name to Gender 

We mapped the names to gender based on the male  or 
female probability in Table I, II and III.  First, we label our 
naming dataset binary as male and female, depending on a 
probability of more than 50%. Second, we add another label 
to those which showed dispersion of gender for each names. 
We choose to label all names, with a probability of less than 
0.95 of being either male or female as unisex names. For 
example, in the case of a binary categorization, “Gabriele” in 
row 2 of Table II. is labeled as a female name as the 
probability of “Gabriele” being female is greater than that of 
being male according to our dataset. But in case of three 
category labeling, we assigned a unisex label because the 
probability of “Gabriele” being male and female is less than 
0.95 for some of the decades. We performed this labeling 
procedure for all entries of Table I, II and III.  

G. Testing of categorization methodology 

We estimate the gender of our test set of 20,000 
observations (see Test sample 1) by mapping first names 
from these rows to first names in predicted labels for the two 
and three categorization. We compare the results against the 



ground truth for the binary and 3 labeled categorization for 
Table I, II and III. For binary categorization, we compute 
true positives (tp) as the number of males and females which 
are actually identified as male and female respectively by our 
predicted labels [40]. For the 3-label categorization, we omit 
the names which are being labeled as unisex from the 
random sample, and then compute true positives (tp) as 
males and females which are actually identified as male and 
female respectively by the predicted labels. We assume that 
names with unisex labels cannot be predicted with the 
information of name, age or nationality. Therefore, omitting 
unisex labels will reduce the number of samples from the 
random set but precision of model should increase as we try 
to predict the genders of only those names whose probability 
associated with gender is greater than 0.95. We further 
calculate precision, recall and F1-Score for all three tables in 
both the categorizations which allows the comparison of the 
results of the algorithms according to Formula 1-3.  

Precision =  tp/(tp+fp)  (1) 

Recall =  tp/(tp+fn)  (2) 

F1-Score =  2* (precision * recall) / (precision + recall) (3) 

 
Using the binary categorization approach, we also apply 

our mapping procedure to categorize test sample 2, 
estimating the share of inventors by gender. We use the 
calculated probabilities from Table I, as attributes such as 
nationality or year born is not published with patent data. As 
we do not know the actual gender of the inventors, we can 
only compare our mapping results with other studies using 
aggregated numbers, hence continue without calculating the 
evaluation metrics precision, recall and the F1-Score. 

IV. RESULTS 

 
We apply our mapping procedure in a 2-label, also 

known as binary categorization and 3-label categorization 
setting. We further calculate the recall, precision and F1-
Score from both kinds of categorization. Then, we apply our 
mapping to identify the gender of patent applicants.  

A. Results of 2-label categorization 

In the binary categorization setting, we matched 19,917 
names from Table I. We matched 19,910 name, decade 
combinations from Table II and 19,920 name, decade, 
nationality combinations of our test set from Table III. Out 
of the 20,000 instances in our test set 1, 10,543 were males 
and 9,374 were females. The results of our binary 
categorization can be found in Table IV. With only first 
names, a total of 10,063 out of 10,543 (95.44%) males were 
identified correctly. This percentage of true positive matches 
increases for both male and female by adding decade and 
nationality attributes to the name. Thus, we see precision 

increases from 96.30% to 96.98% by adding decade to first 
name, and to 97.02% by adding nationality to name and 
decade. The F1-Score also increases with the addition of 
decade and nationality to name, which indicates that the 
name to gender mapping augmented by decade and 
nationality is more accurate than the model with just name or 
name and decade. 

TABLE IV.  MODEL PERFORMANCE 2-LABEL 

Label Name Name, Decade 
Name, Decade, 

Nationality 
Males (tp) 

Females (tp) 

Total (tp) 

Recall (%) 

Precision (%) 

F1-score (%) 

10,063 

9,119 

19,182 

95.91 

96.30 

96.10 

10,131 

9,179 

19,310 

96.55 

96.98 

96.76 

10,184 

9,221 

19,405 

97.02 

97.41 

97.21 

 

B. Results of 3-label categorization 

In the 3-label categorization, we were able to match 
19,992 names; 19,979 name, decade combinations and 
19,987 name, decade, nationality combinations out of 20,000 
instances of the random sample with our datasets from Table 
I, II and III. respectively. For evaluation purposes, we only 
considered the male and female labels which reduced our 
sample to 18,354 names; 18,759 name, decade combinations 
and 19,050 name, decade, nationality combinations. With 
just first names 8,410 females and 9,547 males out of 8,506 
and 9,848 respectively were identified correctly. The 
precision of the model increased from 97.83% to 99.72% by 
adding decade and nationality to predict the first names. The 
F1-score also increases from left to right, which we observed 
in binary categorization also. 

 
 

TABLE V.  MODEL PERFORMANCE 3-LABEL 

Label Name Name, Decade 
Name, Decade, 

Nationality 

Males (tp) 

Females (tp) 

Total (tp) 

Recall (%) 

Precision (%) 

F1-score (%) 

9,547 

8,410 

17,957 

89.78 

97.83 

93.63 

9,785 

8,642 

18,427 

92.13 

98.23 

95.08 

10,155 

8,842 

18,997 

64.98 

99.72 

97.29 

 
The precision of the 3-label categorization is higher than the 
precision of the binary categorization in all three cases. 
However, the recall is lower in the 3-label categorization due 
to elimination of unisex labels. The F1-Score also is lower 
for 3-label categorization due to lower recall values. 

 



C. Results of Gender identification of patent inventors  

 
We evaluated a total 1,543 patents, identifying the gender 

of 2,058 inventors. We successfully matched 2,058 first 
names from our database and using the name matching 
binary categorization, we identified 1,829 (89%) males and 
229 (1%) female inventors. 

V. DISCUSSION 

In this research study we try to accurately identify the 
gender attributed to the instances of a data set collected by an 
insurance company and to a data set we downloaded from a 
patent database. We do this by creating a mapping table 
which consists of more than 1 million unique user records, 
which is representative to the population of Switzerland (8.4 
million in 2015, [41]). Our goal is to show that adding 
information such as nationality and year of birth to the 
mapping table can improve the precision of a categorization 
algorithm. This is due to the fact that the conventional 
gender of some names has switched over time as well as due 
to differences in naming practices by nationality. In our two 
class categorization study, we find that adding age of birth as 
well as nationality to our mapping table improves the recall 
score of the mapping from 95.91% to 97.02% (1.1%), a 
relative decrease in the error rate by 27.1%. In our three class 
categorization, adding decade of birth and nationality 
improved our recall scores from 89.78% to 94.98% (5.2%). 
This is a relative decrease in the error rate by 49.6%. 
Applying our two class categorization to our patent set for 
Switzerland, we find that 11 % of all inventors are woman 
and 89% are men, which is identical to the findings 
published by Statista Switzerland [38], further validating our 
mapping results. Hence, we find that the mapping 
methodology of name to gender lookup tables are a suitable 
way to categorize gender by name, however adding 
nationality and age, can improve the recall and precision 
scores in a binary categorization as well as 3 class 
categorization setting compared to simple mappings by 
probabilistic occurrence of first names.  

 
We further show how the results of a two-class (male, 

female) categorizations compared to a three-class (male, 
female, unisex name) categorization differ by evaluating the 
precision and F1-score. We find that in a setting where the 
first name is available and a high categorization precision is 
desired, a three-class categorization score improves from 
97.83% to 99.72% , an increase of 1.89% by augmenting 
decade and nationality to first names. An example of setting 
in which a high precision is desirable may be illustrated by 
an organization which plans to approach users by “Mr” or 
“Mrs” (i.e. in letters, E-mail or chat-bots) and may suffer 
from reputational damages, if the salutation does not 
correspond with the actual gender of the user. On the 
contrary, in a setting where one strives for the highest recall 
value, a two class categorization enriched by nationality and 
year of birth seems to be the most promising approach, 
achieving a F1-Score of 97.21%, the highest outcome of all 
our evaluations scores. A setting where a high recall is 

desirable could be found in an online marketing campaign 
with limited amount of participants, where an advertisement 
banner needs to be displayed to users identified as male and 
another one to users identified as female. In the latter 
scenario, the damage of a wrongly categorized user is much 
smaller and may not even be recognized by the user.  

 
In this study, we apply a humanistic starting point, the 

historical relationship between naming practices and gender. 
This way, we aim contribute to advances in the methodology 
for data analysis. Our method uses an abundant existing 
database from a Swiss car insurer, adding additional 
information generally found in a vehicle insurance policy to  
compose a first name gender mapping. Our contribution is to 
incorporate a historical method, and take into account how 
gender naming practices have changed over time, and how 
some first names are attributed to both sexes depending on 
nationality. When high recall is required, our temporal, 
nationality specific approach provided much improved 
precision results over the simpler, anachronistic, ahistorical 
lookup method. As such, our method illustrates the 
pragmatic trade-off between complexity and discovery. Its 
reliance on a male vs. female binary categorization dampens 
the complexity of gender identity, while the three label 
categorization benefits most when adding additional 
information. In this more complex case, incorporating 
additional information in the mapping also yields the best 
F1-Score, however increases the complexity of the model 
(compare [8]). 

 
We encourage other researchers to study how changes in 

naming conventions in other countries affect the 
performance of first name to gender mappings and if the 
addition of nationality, year of birth or other attributes can 
improve mapping results. A joint effort of researchers around 
the world, merging their name to gender mappings would be 
highly beneficial for all studies of mixed nationalities aiming 
for high precision. Especially for the years between 1900-
1935, we encourage researchers to replicate our study with 
other mappings, as we see a skew towards female instances 
in our data set for these years. Further, our results only 
discuss gender as stated in legal documents and do not 
represents an individual's self-perceived endorsement of 
masculine and feminine personality traits, and as such, may 
or may not be congruent with a self-assigned gender of an 
individual or the biological sex unrecognized in legal 
documents. We encourage fellow researchers to evaluate 
self-perceived gender in ways, which are less reliant on 
historical naming practices and would further complete 
gender identification methodologies through data analysis. 
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