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Abstract. Although many areas within the education sector have been subjected 

to digitalization, including electronic storage and processing of student infor-

mation, student-administrative tasks are still often handled manually. One such 

task is the linking of student inaccurate information from different sources such 

as the task of aligning teachers grade spreadsheets with standardized exam tem-

plate spreadsheets. Manual linking of records can be tedious, monotonous, and 

error-prone, especially in large classes with several hundred students. Although 

automatic robust record linking is common within other areas such as medicine, 

there are surprisingly few linking tools aimed at educators. The tool FLINK was 

therefore developed to assist with this task. FLINK was developed over a period 

of three years through practical experimentation and testing. This paper presents 

the rationale for the tool, practical use cases, and key design decisions. The tool 

provides a simple and flexible link between how educators interact with inaccu-

rate student information in practice on one hand, and how they must relate to in-

flexible administration tools that require exact formal information on the other. 
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1 Introduction 

Many education institutions have undergone radical digitalization transformations 

during the last decades. Teachers typically use learning management systems to facili-

tate communication between students and teachers including managing students’ 

coursework and the corresponding feedback. In addition, there may be systems for 

managing reading lists, and systems of managing exam submissions and grades. Oc-

casionally, such systems are not well-integrated with teachers’ typical workflow. 

Although digital education management is a huge improvement over traditional pa-

per-based regimes, there are still manual bottlenecks where the obvious potential of 

automatic processing has not been fully harvested. 

A typical teacher workflow may involve downloading a batch of coursework sub-

mitted by a class of students. Each student will have submitted one or more files. 

Typically, such files are given a mixture of some automatically generated file names 

based on information about the student such as their name and student ID. Many 

teachers have their own personal system to read and grade the coursework offline 
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such as writing notes in a word-processor file and maintaining grades in a spread-

sheet. Teachers then need to invest a significant amount of effort to cross-link and 

combine results from different assignments.  

Moreover, information provided by students is often highly inaccurate. For exam-

ple, students may use variations or even different names than what is formally record-

ed in the administrative systems. Also, the student populations in many countries are 

becoming increasingly diverse with names from all around the world, using different 

spelling conventions and locale specific characters. 

Many state-of-the-art exam management systems allow teachers to upload their re-

sults as excel files. Obviously, these will have to be formatted exactly according to 

students’ registered information to prevent registration errors.  Sometimes, the lists 

comprise anonymized exam numbers, other times they may comprise full names and 

student numbers or a combination of name and student number. This work rests on 

the observation that many educators manually link data in such situations. Manually 

linking student records takes valuable time away from other important tasks. More 

importantly, manual linking is laborious and may lead to fatigue and errors. Clearly, 

this is especially problematic in classes with several hundred students. 

A review revealed that none of the common spreadsheet applications have approx-

imate string matching built in, but some plugins are available such as the commercial 

flookup plugin for Google Sheets and the fuzzyjoin package for R-project. Microsoft 

provides a Fuzzy string matcher add-in for Excel. Many education institutions do not 

allow non-IT staff to install such add-ins due to security policies. Besides these 

plugins surprisingly few simple tools are available for linking records considering the 

prominence of and advances in approximate string matching and data linking within 

the field of computer science. This observation was thus the motivation for this work. 

2 Related work 

There is a vast literature on approximate string matching going back several decades, 

and a range of approaches have been proposed [1, 2, 3, 4] as well as string similarity 

metrics [5, 6].  

Gonzalo [2] discusses the general importance of information retrieval systems be-

ing tolerant to errors. Chaudhuri et al. [7] addressed inexact database queries while 

Gravano et al. [8] discussed approximate string joins in web applications. Approxi-

mate string matching in the context of record linkage has also received much atten-

tion, especially for the integration of large datasets including consensus data [9] and 

health records [10]. Anonymous approximate record linkage is an active area of re-

search [11, 12, 13, 14, 15] where the goal is to link records without knowing the iden-

tity of the individuals described in the records. 

Other examples of applications which rely on approximate string-matching tech-

niques include quantitative quality measures for machine translation [16], and text 

entry acceleration [17]. 

Traditional approximate string approaches are designed for the Latin alphabets and 

its various European variations. Such approaches are not effective in other written 
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languages such as Chinese. One challenge is that the length of a Chinese string is 

unknown [18]. There are therefore fewer pattern matching algorithms designed for 

Chinese. One approach is to use traditional pattern matching algorithms with pinyin 

romanizations [19].  

Despite approximate string matching having a long history within computer sci-

ence and many practical applications in many domains, their practical use seems to be 

surprisingly uncommon among educators.   

3 Student management use cases 

Several practical student management use-cases for record linking were identified. 

These include the following:  

1. Submitting exam results: Exam systems, such as Inspera and Wiseflow, allow edu-

cators to download an exam protocol spreadsheet template to be filled in and up-

loaded for registration. Teachers do not have to input each individual exam result 

through the web-interface of the exam systems. Teachers often use a local spread-

sheet for determining the final grades in a course based on a portfolio of assign-

ments and/or exam questions. This work often starts before the spreadsheet tem-

plate becomes available. The template name entries need to be kept exactly as 

listed. Any discrepancies will result in errors, or the results may not be recorded. 

The teachers therefore must link their records with the formal identifier used by the 

system. The current trials were performed using both Inspera and a fagpersonweb 

(a national system used by public higher education institutions in Norway). The 

name format for Inspera was “First-names Family names (exam candidate num-

ber)” (e.g. “Hank Jones (53)”) and “First-names Family names (student number)” 

(e.g. “Hank Jones (965472)”). The student candidate number is a running number 

assigned to each type of exam, while the student number is a unique id to identify a 

student during the entire studies. 

2. Combining parts: Usually a course comprises a set of graded assignments. Teach-

ers will typically manage each assignment individually, and later combine the re-

sults. This will keep the complexity of each spreadsheet lower while processing 

each assignment, compared to one large, combined spreadsheet. Moreover, to work 

with a single spreadsheet for all assignments can be time-consuming as it is neces-

sary to look up the correct row for a given student as it is unlikely the assignments 

listed in a consistent order. With a single spreadsheet per assignment, the entries 

can be appended at the end as they are processed. In the current trials, the students 

had to work on three assignments during the semester, and the results for each as-

signment were recorded in individual spreadsheets that later had to be combined 

into one sheet.   

3. Combining records from different systems: It may be necessary to combine records 

from several systems that represent student identities differently. With the current 

trials, the Instructure Canvas learning management system was used during a 

course for formative assessments, while Inspera was used at the end of a course for 

summative assessments. Works submitted during a course were labeled using the 
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following compact form “familynamesfirstnames_*” (e.g. 

joneshank_79857327_456875) while the “Firstname familyname (number)” for-

mat. 

4. Work requirements and pass lists: Work requirements is a commonly used device 

whereupon students must satisfy a set of work requirements, such as lab activities, 

presentations, class attendance, etc., to pass a course.  Prior to an exam teachers 

typically have to submit pass-lists to the exam office that specify which students 

are allowed to take an exam and which students have not qualified. In the current 

trials such pass lists, based on obligatory presentations and minimum attendance 

were submitted using fagpersonweb. The identities of students completing the 

work requirements (obligatory presentations) were recorded in class. The lists were 

uploaded electronically using template spreadsheets. 

5. Blacklists: Pass lists, described above, also need be aligned with the teachers’ re-

sult lists so that students who have not qualified will not get a grade.  

6. Justification of exam results: Students sometimes have the right to demand a justi-

fication of the exam results. In context of the current trials, students view their ex-

am results in a system known as studentweb. Here, they can also request a justifi-

cation. The list of justification requests is then electronically forwarded to the 

teacher. The number of such requests has grown dramatically with these new elec-

tronic systems as it simply takes one click to request a justification. Again, the 

teachers usually will have to consult their spreadsheet records and notes to write 

the explanations. Clearly, the list of justification requests needs to be linked with 

the teacher records. 

Note that exams are used as a collective term to refer to both traditional exams and 

portfolio assessment. 

4 Name variations  

Several classes of variations were observed. Note that these are based on a Norwegian 

language context. However, the student population is quite diverse with individuals 

having roots from all over the world. The variations observed will be described to 

justify the need for a robust linking tool. A summary of common variations is shown 

in Fig. 1. 

Some students may simply submit their coursework labeled with their first name 

(“Davies”) assuming the teacher will know who they are, or just their surname 

(“Monk”). Some students may also use unofficial nicknames (“Chick”) or short forms 

of their names (“Dick” as in “Richard”). In one case a student used an unofficial first 

name to match the student’s gender identity. Several instances related to problems 

with surnames were observed, such as using a surname not registered, leaving out part 

of a surname, and mismatch in the use of hyphenated surname parts. Hyphenated 

surnames are particularly common in Norway as until recently one was only allowed 

to be registered with one family name. Individuals with two family names would then 

have to either treat one of the family names as a first name, or combine the two first 

names with a hyphen (-). 
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Name orders can cause confusion, that is, whether the first names come before the 

surnames or vice versa. In many languages it is possible to differentiate between the 

first name and surname from the name. This distinction is not straightforward with 

“Charlie Christian” as an example.  

Misspellings can also occur. Although a student is unlikely to misspell their own 

names, a teacher may introduce spelling mistakes when recording a name from a re-

port into a spreadsheet. Using lowercase characters instead of uppercase in initial caps 

is not a spelling issue but may cause software mismatches. This can be observed when 

sorting files in a file explorer. Several such tools treat upper and lower letters as two 

distinct classes. A similar problem may occur with different character coding such as 

UNICODE vs ANSI, and the use of ASCII-fied versions of special European charac-

ters. Even when the correct character representation is employed some software sys-

tems will handle these differently, such as file explorers. 

The issues described in the previous sections cause problems when names are 

matched using exact string-matching algorithms. However, some of these problems 

are also challenging when linking names manually. This is particularly the case with 

international names in which a teacher may have limited familiarity, especially lan-

guages where certain names are highly frequent.  

5 Overview of FLINK 

The FLINK tool is designed to be simple and general. FLINK (Fuzzy-

LINKer/Frode’s LINKer) is an acronym that means “to be good at (studying)” in 

Norwegian).  FLINK takes two spreadsheets as input (see Fig. 1) and provides a 

linked spreadsheet as output (see Fig. 2). By default, the first columns in the two 

spreadsheets are used for linking. This is useful if each identifying record for each 

student is contained within one cell. Alternatively, the user may manually set which 

columns in each file that should be used for linking the records, for instance if one 

column contains first name, and another the surname, etc (see Fig. 3).  

The output is provided in four sections (see Figs. 4 and 5). The first section con-

tains the successfully linked entries, that is, entries with a successful match from both 

files. The second section lists entries in the first spreadsheet that were not identified in 

the second spreadsheet, and the third section lists entries in the second spreadsheet 

that were not identified in the first spreadsheet.  The last section lists potentially du-

plicate records. 

The four sections are intended to help an educator identify errors in the records so 

that necessary corrective steps can be taken. Often there is a zero tolerance for error 

as erroneously linked records can have catastrophic consequences for affected stu-

dents. For instance, a top student could accidentally be recorded as failing a course. 

The combined results are both displayed and returned as a new spreadsheet.  

To further facilitate the prevention of errors each linked record is provided with a 

color-coded matching score (see Fig. 4), drawing the user’s attention towards the 

records closest to the inclusion threshold. The inclusion threshold can be adjusted. 
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FLINK is implemented as a JavaScript web application that run locally in the 

browser without a network connection. It can be used without installation.  

 

Fig. 1. Two spreadsheets with unidentical records 

 

Fig. 2. User interface 
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Fig. 3. Specifying linking columns 

 

Fig. 4. Linking results 
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Fig. 5. Problematic record warnings 

6 Linking algorithm 

The approximate name matching algorithm is based on the well-known Dice-

Sørensen distance for text string bigrams, defined as: 

 𝑑𝑖𝑐𝑒(𝑎, 𝑏) =
𝑎∩𝑏

2|𝑎||𝑏|
 (1) 

Where a is the set of bigrams for word A and b is the set of bigrams for word B. 

For example if word A is “hank” with the set of bigrams {“ha”, ”an”, ”nk”}. The 

score ranges between 1 (complete match) to 0 (completely different). The original 

Dice-Sørensen measure quantifies the similarity of two texts. However, as infor-

mation may be missing, an asymmetric modification of the measure was used where 

the degree with which the sorter string is contained within the longer string, namely: 

 𝑑𝑖𝑐𝑒𝑎𝑠𝑠𝑦𝑚𝑒𝑡𝑟𝑖𝑐(𝑎, 𝑏) =
𝑎∩𝑏

min(|𝑎|,|𝑏|)
  (2) 

Clearly, the strings to be compared are first converted to the same case. Also, for 

the special cases where the shortest of the two strings does not contain spaces the 

number of spaces in the longest string are subtracted from the length of the shortest 

string. This is especially important to ensure matches for short names comprising two 
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or three characters. For example, if “ho chi min” is matched to “hochimin” we get the 

two bigram sets {“ho, “o “, “ c”, “ch”, “hi”, “i “, “ m”, “mi”, “in”} (9 bigrams, 2 

space characters) and {“ho”, “oc”, “ch”, “hi”, “im”, “mi”, “in”} (7 bigrams, no spac-

es). Clearly, bigrams with spaces will not match as the corresponding intersection of 

the two bigram sets is {“ho”, “ch”, “hi”, “mi”, “in”} (5 bigrams). The corresponding 

similarity is thus 5/(7 – 2) = 1, that is, full match. Without this adjustment the simi-

larity would just be 5/7 = 0.7. 

Each name is linked with the other name that yields the highest similarity. If the 

pairing word yields an even higher similarity with another word, the word with the 

second highest similarity is chosen. This prevents words with high similarities to sev-

eral other words to be incorrectly matched. 

6.1 Experiences 

The tool has been used over a period of three years for the use-cases described in 

Section 3 by the authors. The testing was informal and incremental. FLINK has been 

adjusted continuously as problems were uncovered. It has reached reasonable stability 

to be deployed more widely. However, it is the intention to continue to improve the 

tool as issues are uncovered. There are situations where the tool links incorrectly and 

it is thus important to manually confirm the results with particular attention towards 

the matches with the lowest scores. Indeed, there should be a zero-tolerance for errors 

related to incorrect linking of student records, especially data such as exam results 

that directly affect the students’ future. 

7 Conclusions 

Practical record linking needs in context of education and student management was 

addressed. Several practical use cases were discussed, and problem areas were identi-

fied. The web based FLINK linking tool was presented which allows researchers to 

easily link spreadsheet records for a range of purposes. One implication of this work 

is that educators spend less time on laborious linking tasks and reduce the risk of er-

rors. The tool and its source can be accessed directly at https://frode-

sandnes.github.io/FLINK/. 
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