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Abstract: Assessments are an important part of the learning cycle and enable the development and
promotion of competencies. However, the manual creation of assessments is very time-consuming.
Therefore, the number of tasks in learning systems is often limited. In this paper, we present an
algorithm that can automatically generate an arbitrary number of German True False statements
from a textbook using the GPT-2 model. The algorithm was evaluated with a selection of textbook
chapters from four different academic disciplines and rated by domain experts. One-third of the
generated MTF Questions are suitable for learning. The algorithm provides instructors with an
easier way to create assessments on chapters of textbooks to test factual knowledge.
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1 Introduction

Assessments  are  one  of  the  most  important  learning  instruments  to  ensure  learning
success.  They  confront  the  learner  with  the  requirements  of  the  learning  objectives
through the questions and are thus intended to stimulate the learner’s examination of the
subject  matter  [Ku20].  As  a  type  of  Multiple-Choice  question,  Multiple  True  False
(MTF)  Questions  are,  among  other  question  types,  a  simple  and  efficient  way  to
objectively test factual knowledge. The learner is challenged to distinguish between true
and false statements. MTF questions can be presented differently, e.g. by locating a true
statement from a series of false statements, identifying false statements among a list of
true statements, or separately evaluating each statement as either true or false. Learners
must  evaluate  each  statement  individually because  a question stem can contain  both
incorrect  and correct  statements. Thus, MTF Questions as a machine gradable format
have the potential to identify learners’ misconceptions and knowledge gaps [CHB18].
However, the manual creation of such questions by human authors is an elaborate task
and difficult  to  scale up.  In  this  paper,  we investigate an approach  to  automatically
generate MTF questions from existing textbook resources. With this approach, we aim at
reducing the effort to create a large number of questions from arbitrary textual learning
resources. In contrast to existing research about automatic question generation [Ku20]
we  particularly  focus  on  generating  MTF Questions  from higher  education  learning
resources  in German language.  To achieve  this  goal  we employed an algorithm and
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evaluated the results  using four textbooks for  university students rated by respective
domain experts.

2 Related works

The creation of tasks with different levels of difficulty is very time-consuming. For this
reason, the possibility of having questions generated automatically has been intensively
researched  in  the last  two decades  ([ELL16;  HS10;  Ku20;  Pa14;  RP19;  Ts21]).  For
example,  [Pa14] proposed a system that uses a supervised learning approach and the
Naïve  Bayes  method.  Their  aim  was  to  generate  semantically  correct  open  short
questions  by  summarizing  the  text,  filtering  nouns  from the  summary,  and  building
questions  from these  nouns.  [Ts21]  presented  a  system for  generating  short  answer
questions that combine syntax-based and semantics-based methods. The system achieved
a similarity of 57 % to 61 % between the generated questions and the Stanford Question
Answering Dataset. [HS10] presented an algorithm for extracting simplified declarative
sentences from syntactically complex sentences using a corpus based on Wikipedia and
Wall Street texts. They integrated another Question Generation system which simplifies
sentences and transforms them into short answer questions. They achieved an acceptance
rate of 52 %. [ELL16] proposed a system for the generation of True False Questions in
which false statements  are made from the true statements  derived from self-selected
sentences. Keywords were replaced by antonyms, wrong words, or by adding a negative
adverb to verbs. [RP19] do not present a system that generates MTF questions, but they
do present a pipeline to generate factual questions and corresponding answers for online
courses based on educational texts and learned triples of a question, its answer, and a
snipped from the text that could answer the question. 70 % of the generated questions
were meaningful. To the best of our knowledge, the generation of MTF questions has not
been investigated so far. In the present paper, we aim to automatically generate MTF
Questions  for  students  in  higher  education  using  established  textbooks  in  German
language. In contrast to the existing body of literature, we rigorously review our results
with experts from the respective subject domains. Furthermore, we present an evaluation
procedure  that  could  be  transferred  to  similar  evaluation  tasks  concerning  question
generation.

3 Methods

We propose a system capable of generating MTF questions from textbooks for university
students in four different subjects. We proceeded in two steps, first we built a Natural
Language Processing (NLP) pipeline to generate true statements from text extractions
for each of the textbooks and generate in a second step an arbitrary number of false
statements using a german Generative Pre-trained Transformer Model (GPT-2) [db21]. 



1. Text summarization: For the generation of true statements we use a summarizer to
extract appropriate statements from the textbook text. In the beginning, the input text is
pre-processed by resolving abbreviations and handling special characters and separators.
The  Summarizer  then  filters  the  text  for  meaningful  part-of-speech  tags  (verbs,
adjectives, nouns) and removes stop words (e.g. “and”, “in”, “about”) as well as context-
sensitive words (e.g. “for example”, “figure”, “section”). To identify the most important
words and thus the topic of the text, the word frequencies of the filtered part-of-speech
tags are determined. These are used as a weighting to determine the relevance of the
individual sentences. If a sentence contains many words with a high frequency in the
text, it is classified as particularly more relevant. 10 % of the most relevant sentences are
considered for the text summary. 

2. Generation of  false statements: To create  an alternation of the true statement  and
become  false  statements  from  the  elected  statements,  they  have  to  be  split.  The
statements were shortened to two-thirds of their total length and completed to one new
sentence using the GPT-2 Pipelines package. The more of the sentence is used, the more
accurately  the GPT-2 algorithm can recognize  the subject  area  and generate  suitable
sentence endings [db21]. 

Evaluation: The suitability of the MTF Question generator for four different disciplines
was evaluated by expert graders. These disciplines are Agronomy (AGRO), Educational
Science  (EDU),  Computer  Science  (CS),  and  Economics  (ECO).  These  four  subject
areas were selected because they tend to differ greatly in their content and thus provide a
consistent picture in the evaluation of the MTF question generator’s ability. As shown in
Tab. 1 the chapter sizes ranges from 5000 to 10000 words. The texts have mostly high
complexity in terms of readability index (𝐿𝐼𝑋 > 50.0), which is typical for non-fiction.
Both, the extracted text, and the generated false statements were evaluated by domain
expert graders using a codebook [Ma98] with the criteria listed in Tab. 2. If a statement
was  contextual  or  syntactically  incorrect,  the  associated  false  statement  was  not
considered further and was excluded from the evaluation of other criteria.

Subject Book title (chapter) Sentences Words LIX
AGRO Ackerbau, Pflanzenbau und … (9) [DEL16] 370 5,160 55.41
EDU Pädagogisches Grundwissen (3) [GT20] 411 6,603 55.74
CS Betriebssysteme und Rechnernetze (2) [KIM21] 476 7,284 49.05
ECO Informationsmarkt (5) [LS11] 564 9,449 55.78

Tab. 1: Textbook chapters used for generation of MTF questions

4 Results and Discussion

A total of 179 true false statement pairs could be generated. Of these, 36 were generated
for AGRO, 39 for EDU, 53 for CS, and 51 for ECO. Tab. 3 shows the evaluation results
regarding the true and false statements. Between 75 % and 52 % of the extracted true



statements were context independent. Thus, across all four subject areas, an average of
65 % of the true statements were context independent. Syntactically correct were 94 % -
74 % and thus on average 88 % of all extracted statements. Reasons for an incorrect
extraction of the syntax or the context dependency could be, among other things, nested
sentences, or strong content-related links within the text.

Criteria Description Scale
Criteria for extracted true statements

T-Context
Independence of context information that is not contained in 
the statement.

yes/no

T-Syntax Syntactic correctness of the statement. yes/no
Criteria for generated false statements

F-Context
Independence of context information that is not contained in 
the statement.

yes/no

F-Syntax Syntactic correctness of the statement. yes/no
Specificity Statement is related to the subject (terminology). yes/no
Plausibility The statement seems plausible as a false statement. yes/no
Logic Statement is logical correct (no circular reasoning). yes/no
Falsity False statement does not correspond to a true statement. yes/no
Difficulty Perceived level of difficulty (1: very easy, 10: very difficult) [1,10]

Tab. 2: Codebook for the evaluation of true and false statements

Between 89 %-58 % of the false statements were context independent, this makes an
overall of 73 %. 84 %-71 % were syntactically correct, giving an average value of 76 %.
The  technically  correct  terminology  is  used  in  100  %-78  % of  all  false  statements
(average  92  %).  The  greatest  differences  were  found  in  the  plausibility  of  false
statements (100 %-24 %) with an average of 70 %. The plausibility values for AGRO
and EDU were not significant and should therefore only be interpreted with caution. 94
%-58 % of the false statements were rated to be logically consistent, with an average
value of 83 %. Actually, false are 91 %-79 % of all false statements with an overall of 87
%. Across all  four subject  areas,  the detection of generated  false statements is  rated
between  very  easy  to  moderate.  The  suitability  of  a  true-false  statement  pair  is
understood as the fulfillment of all criteria. Accordingly, 57 %-15 % of all true-false
statement pairs were suitable. Thus, an average of 33 % of all statement pairs could be
used without hesitation. For the most part, the reliability of the data collection could be
assured with a strong significance. However, plausibility in Agronomy and Educational
Science as well as Logic in Agronomy and Educational Science could not be analyzed
significantly, nor could the difficulty level in Economics. These non-significant results
should  therefore  be  viewed  with  caution.  Possible  reasons  for  a  non-suitability  of
statement pairs could be, among others, the pipline function, which receives only a part
of the true statements and applies the previously recognized pattern to the generation of
the  remaining  sentence.  On  the  other  hand,  the  GPT-2  model  was  not  trained  on
scientific textbooks [db21], which could influence both the classification in the subject
area and the plausibility of the false statements.



We have used a comparatively small data set containing 28,496 words from only four
subject domains. However, a qualitative evaluation would not have been feasible with a
larger corpus. The parameters used for summarization as well as for text generation have
not  been  varied  since  the  raters  would  have  been  faced  with  a  much  larger  set  of
statements to be rated. In this first evaluation of generated MTF Questions, we did not
include a second rater as our raters are experts in the respective field and can perform a
reliable evaluation. Nevertheless, a second rater for each subject would be an option in
further research. The results of this study show that MTF questions can be generated
automatically. However, the used procedure still needs improvement. In particular, the
summary should result in fully syntactically correct and self-contained sentences. The
difficulty to identify the generated false statements is also rather low and therefore only
suitable  for  checking  the  lower  two  levels  of  Bloom’s  taxonomy  (Knowledge  and
Comprehension)  [Bl56]  and  thus  the  factual  knowledge.  One-third  of  all  generated
sentences could be classified as suitable by the experts. This is still a small proportion of
all sentences for creating a questionnaire without a human eleva- tor and integrating it in
the classroom. Nevertheless, it could be used as a support for teachers.

Criteria AGRO N EDU N CS N ECO N Total N
T-Context 0.72a)* 36 0.64a) 39 0.52a) 53 0.75a)*** 51 0.65a)*** 179
T-Syntax 0.74a)** 35 0.87a)*** 39 0.94a)*** 53 0.92a)*** 51 0.88a)*** 178
F-Context 0.76a)** 33 0.58a) 38 0.89a)*** 28 0.75a)*** 51 0.73a)*** 150
F-Syntax 0.72a)* 25 0.73a) 22 0.71a)* 28 0.84a)*** 38 0.76a)*** 113
Specificity 1.00a)*** 20 0.88a)** 17 0.78a)** 23 1.00a)*** 33 0.92a)*** 93
Plausibility 0.4a) 20 0.24a) 17 1.00a)*** 23 0.91a)*** 33 0.70a)*** 93
Logic 0.58a) 19 0.71a) 17 0.96a)*** 23 0.94a)*** 33 0.83a)*** 92
Falsity 0.79a)** 19 0.88a)*** 18 0.87a)*** 23 0.91a)*** 33 0.87a)*** 93
Difficulty 2.61b)*** 18 1.25b)*** 16 2.09b)*** 23 5.72b) 33 3.37b)*** 90
Suitability 0.22a)** 36 0.15a)*** 39 0.30a)** 53 0.57a)*** 51 0.33a)*** 179
Significance level: a) Binomial test, b) Chi Square test *p<0.05, ** p<0.01, *** p<0.001

Tab. 3: Results for the extracted true statements (T) and generated statements false statements (F)

5 Conclusion and Outlook

The proposed MTF question generation system is capable of generating MTF questions
from academic study material using summarization and GPT-2. In doing so, we managed
to achieve a fit of 33 % of all generated true and false statements. For further studies,
additional  rater  could  help  to  evaluate  a  larger  dataset  including  more  disciplines.
Likewise, further training of the GPT-2 model with additional subject-specific literature
would be conceivable to achieve a stronger plausibility of the generated false statements.
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