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Abstract. The paper presents the capabilities and distinctive features of intelligent 

testing systems based on adaptive algorithms. The list of mechanisms inherent in 

computer systems for testing the ideas of artificial intelligence is shown. Possibili-

ties of intellectually adaptive testing are revealed by the example of the mecha-

nism of “parallelizing” the system’s own operation. Methods of solving the prob-

lem of assessing the level of formation of students' functional literacy, traditional 

input testing, as well as formalizing vague, uncertain and fuzzy test answers have 

been proposed. The solution of obtaining the simultaneous increase in the meas-

urement efficiency by all criteria is given, in particular, when in adaptive mode 

the greatest attention is paid to minimizing the test time and the number of tasks 

presented, at the same time questions of the accuracy of the marks are fading into 

the background. The review of the criteria selection pattern based on the so 

called" constructivist approach" has been suggested. It was established that in 

adaptive testing it is possible to optimize the correlation of the difficulty of the 

tasks themselves and their number, which had led to the emasculation of the con-

tent of the test .The method of measurement objective errors correction while test-

ing diverse characteristics of the students by alignment of different measurement 

scales has been substantiated. On the basis of the "floating optimization approach" 

the solution of the problem associated with the assessment of those students who 

have done the tasks with the maximum number of matches , compared to those 

who have solved more difficult tasks but with less number of matches has been 

presented. It is proved that the invariant calibration of tasks of the adaptive system 

improves not only the semantic quality of new tasks, but also enables to introduce 

modern innovative forms of their presentation. A new mechanism for controlling 

the accuracy of entering students' answers based on the Michael Damm algorithm 

has been suggested. 
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1 Introduction 

The diagnostics and knowledge control systems of students hold a special place 

among the contemporary intelligent learning systems. The main requirements im-

posed on the new learning systems include, above all, intelligence, scalability, open-

ness, flexibility and adaptability at all stages of the learning process [1]. 

Even in the process of using machineless testing, the creators of the tests noticed 

that when testing students, both too easy and too difficult tasks, as a rule, do not pro-

vide any benefit for learning. When doing simple tasks, the students waste time with-

out any learning effect, and doing complex tasks, they also idle the allocated time. 

These tasks become simply useless, because in the first case they make the students 

do the simplest unnecessary tasks, and in the second case they put them in the posi-

tion of "the impossible to do dead lock". If the student is well grounded, then it makes 

no sense to suggest very easy (simple) tasks, and on the other hand, if he, on the con-

trary, is a low-performing student, then there is a high degree of probability that he 

will not do very difficult (complex) tasks properly (or in general, he will stop doing 

them). Therefore, we face the problem to avoid these extremes and try to select the 

testing tasks according to the corresponding level of students’ competence. 

Historically, when there was still no mainstream use of computer technology it was 

very difficult to solve this problem, but the appearance of computers has made this 

task quite feasible. An automated computer testing system began to adapt to the 

learner: when the test task is successfully completed, it offers the learner the next 

more difficult task, and if the learner fails to do it, the system gives easier task. There-

fore, adaptive test is the “test in which the complexity of the subsequent tasks depends 

on the correct answers to previous tasks: the more correct answers to previous tasks, 

the more difficult the subsequent ones” [2, p. 42]. But if a testee cannot complete the 

task, then the automated system reduces the level of complexity and offers him a new 

easier task. M. B. Chelyshkova defines adaptive testing as “a set of processes for 

generating, presenting and evaluating the results of fulfilling adaptive tests, which 

provides an increase in measurement efficiency compared to traditional testing by 

optimizing the selection of task characteristics, their quantity, sequence and presenta-

tion speed as applied to the training characteristics of tested students” [3, p. 28]. In 

such testing there is a constant adjustment of the task according to the difficulty to the 

level of students’ competence: the next tasks are selected by "tuning" for the current 

answers (estimates), which vary depending on the results of each previous test task. 

The adaptive testing has great advantages when it is based on artificial intelligence 

facilities. 

2 Problem History 

The first testing in a contemporary implementation was carried out by J. Fischer in 

the UK in1864 to verify the level of learners’ competence using the original special 

books (scale books). Theoretical fundamentals of testing were developed later, only in 

1883 by the English psychologist F. Galton in his work "The study of human abilities 



and their development." The term "test" was first introduced by the American psy-

chologists J. Cattell and B. McKeon in their book "Mental tests and measurements" in 

1890 [4, p. 118]. 

The first ideas of adaptive testing appeared in the early 60s of the 20th century, 

first based on the ideas of the classical theory of tests and then on the so-called "mod-

ern test theory» (Item Response Theory – the IRT). It was in the 80s of the 20th cen-

tury when the theoretical and technological basis of contemporary methods for gener-

ating adaptive tests was laid. A. Anastasi [5], F.B. Baker [17], B. D. Wright [7], 

D. J. Weiss [8] and especially F.M. Lord [9] made a great contribution to the devel-

opment of scientific understanding of the new type of testing. They have carried out a 

large-scale research activity on adaptive testing based on IRT scientific apparatus 

within the framework of the Educational Testing Service program (ETS). 

The scientists like M. J. Ree and H. E. Jensen [10], H. Swaminathan and J. Gifford 

[11], R. K. Hambleton, J. N. Zaal and H. J. Pieters [12], W. A. Sands [13], A. R. Zara 

[14], R. R. Meijer and M. L. Nerling [15] were engaged in adaptive testing research 

implementing it in a computerized environment .Theoretical problems of using com-

puter-based testing evolved in the works of W. Linden and A. W. Glas [16], 

E. C. Papanastasiou [17], S. Laumer, A. Stetten, A. Eckhardt [18]. The practical side 

of the automated adaptive testing was considered by C. G. Parshall, J. A. Spray, 

J. C. Kalohn and T. Davey [19], N. Wainer [20]. J. Piton-Gonçalves and S. M. Aluísio 

[21; 22], L. Kroker [23] and others studied the multidimensional computer adaptive 

testing in the information and educational environment. 

Russian researchers V. S. Avanesov [24], V. A. Wexler [25; 26], L. I. Gerasimova, 

E. V. Gerasimova [27], V. I. Zvonnikov [28], N. F. Yefremova [29], S. N. Larin [27], 

A. N. Mayorov [30], N. T. Minko [31], O. Yu. Nikiforov [11], V. A. Otrokov [26], 

M. B. Chelyshkova [28; 3] and others considered the use of adaptive tests from a 

pedagogical point of view. But the problem of using precisely intelligent adaptive 

systems in the educational process is insufficiently investigated by domestic and for-

eign researchers. 

3 Materials and Methods 

The first appeared forms of adaptive testing have already had the simplest elements 

of intelligent analysis, but it would be wrong to call them intelligent testing systems. 

Test models based on the ideas of artificial intelligence in addition to the implementa-

tion of adaptive algorithms for testing, should still have a whole range of opportuni-

ties inherent in intelligent information systems. They include the following: 

– the mechanism for making optimal decisions (including the mechanism of “what 

will happen if ...?); 

– the mechanism of special function capabilities (classifying patterns, clustering 

objects – correlating elements into groups, approximation of functions , etc.); 

– the mechanism for formalizing and interpreting the judgments of the testee (using 

the theory of fuzzy sets and the theory of fuzzy logic); 

– analyzer for revealing the complexity of test tasks; 



– the mechanism for identifying the meaning of the text; 

– the mechanism for searching own patterns and rules (Data Mining);  

– the mechanism for considering internal and external factors affecting the quality 

test answers; 

– the mechanism of correction ("adjustment") of the testing system in accordance 

with the individual and psychological-typological characteristics of students; 

– the mechanism for developing one’s own criteria for evaluating test tasks; 

– the determinant of correlations and relationships between tasks and groups of 

test tasks; 

– the mechanism of "parallelization" of one’s own operation in several directions. 

It is quite an incomplete list of mechanisms and tools involved in functioning of 

the system of intelligent adaptive testing. 

Considering the mechanism of "parallelizing" the operation of the intellectual adap-

tive system in several directions of its functioning, we often face the problem of simul-

taneous (parallel) research of hidden (latent) features of students, namely the identifica-

tion of the flexibility of thinking; rate of analysis, generalization and synthesis; level of 

analytical and synthetic activity and many other individual properties and personality 

characteristics. This happens when several mechanisms tracking indicators of different 

nature and direction are activated simultaneously. The results of this programmed intel-

lectual- functional operation of the system are entered (stored) in the data bank, and then 

they are used by other diverse mechanisms for analyzing latent characteristics of the 

students. The peculiarity of this double detection is characterized by the fact that new 

objective information obtained in this way is usually not available to be found using 

other ways, particularly those associated with the study and evaluation of typological 

properties and psychological characteristics of the tested individual. 

Intelligent testing systems cope successfully with the problems of assessing the 

level of formation of students' functional literacy [3, p. 157]. For this purpose the frag-

ments of texts in which errors are known to be present are used. The students under 

testing are asked to correct them by rewriting the pieces (sections) of this text. Some-

times the tasks based on the constructed text ans wers are suggested. The student under 

testing has to compose a short essay or micro essay on a given topic. Assessment of 

such tasks is possible only in programs based on the ideas of artificial intelligence , 

since the criteria for their assessment are quite complex linguistic characteristics, such 

as the quality (stylistic, grammatical, etc.) and clarity of presentation; length, degree of 

completeness of the answer; level of imaginary narration; the degree of covering the 

topic, etc. It’s impossible to do without the use of the mechanism for revealing the 

meaning of the text and the analyzer of text information complexity. The system of au-

tomated assessment of the essays will involve mechanisms based on the achievements 

of computer linguistics [2] and make proper assessment of these tasks. 

It should also be pointed out that in computer testing systems the necessity for two-

step adaptive testing arises. It is necessary to pass the so-called intake testing, and 

only then the adaptive one. But unlike the traditional approach, the self-learning 

mechanism of the intellectual system based on the ideas of the operation of artificial 

neural networks is used here. The computer program of artificial intelligence takes a 

huge set of initial input data with many variables, in which the patterns are not yet 



known. Then it analyzes these data, processes the relationships between them (in the 

form of correlations), and only then it selects a set of those variables that are similar 

to the reference value (models). It is this initial testing that becomes the starting point 

for evaluating subsequent adaptive testing results. Based on this preliminary conclu-

sion, the program changes models by adjusting the parameters of variables or even, if 

necessary, excludes them from analysis and evaluation. It repeats this procedure many 

times, each time improving its previous model (and result), the best options being 

stored. If during such iterations the further improvement of the model does not occur, 

it pauses its work and displays the best result as the final one. In a similar way, an 

intelligent adaptive system self-learns in other areas of its functioning. 

Unlike classical testing methods, intelligent systems can assess the degree of cor-

rectness of the students’ answers fairly accurately even when the wording of the stu-

dents’ answers is very vague and ambiguous. When analyzing the answer in a test 

task, a person tends to use statements consisting of key inaccurate words such as “al-

most”, “a little”, “approximately”, “like”, and the like. Using the mechanisms of 

fuzzy logics, the system formalizes these answers, processes them based on clear 

mathematical rules of the theory of fuzzy sets, and it displays very objective results of 

scoring [32, p. 211]. 

As a rule, in classical adaptive testing it is impossible to obtain a simultaneous in-

crease in the measurement efficiency by all criteria, therefore providing that, one or 

two criteria come to the fore. For example, in some cases of express diagnostics in 

adaptive mode the greatest attention is paid to minimizing the test time and the num-

ber of tasks presented, at this, questions of the accuracy of estimates fade into the 

background. In other cases the accuracy of measurement may be a priority, and test-

ing of each student will continue until the planned minimum measurement error is 

reached [28, p. 163]. In intelligent adaptive systems these difficulties are successfully 

overcome. Here the so-called constructivist approach is used which finds agreement 

between the indicated contradictions in the form of quantities and conclusions ob-

tained on the basis of our own analysis of the intellectual system. This approach forc-

es us to reconsider the criterion selection scheme itself, adapting the obtained conclu-

sion to its continuous change (improvement), and therefore search models and models 

for evaluating the result jointly evolve toward “equilibrium improvement” [33]. 

In classical adaptive testing systems the degree of difficulty of tasks usually reduc-

es their number for presentation, the content of the test being emasculated (i. e., the 

coverage of the entire studied material decreases). Therefore, the content validity of 

the generated adaptive test is not presented. In intelligent adaptive testing the system 

itself monitors the fulfillment of the norm of the degree of complexity of tasks and 

their mandatory number for presentation on each subject (section). In addition, it 

checks the condition of the frequency of selecting tasks from the data bank, and after 

each completed task the system constantly checks the difference between the received 

and planned measurement accuracy. Only after reaching the established measurement 

accuracy it can stop the testing process. 

According to the fact that adaptive testing obviously uses tasks of different com-

plexity levels, which are implemented by different methods, types, forms and ap-

proaches, different measuring scales are also used to evaluate them. Researchers dis-



tinguish four types of scales: nominal (scale of names, categorical scale), ordinal 

(rank), intervals, relations [9, p.11]. According to the degree of increase of power, the 

scales are arranged in the following sequence: names, rank, interval, relations. From 

this it can be seen that non-metric scales have less power in comparison with quantita-

tive scales, since they contain less information about differences between objects. 

When calculating test scores, objective measurement errors occur, because the tasks 

of diverse complexity have different forms of entering answers, and they require dif-

ferent measuring scales. It is impossible to correlate the results of answers on chang-

ing scales manually, but the intelligent system can easily cope with this difficulty by 

aligning the various measuring scales. To do this, it uses appropriate mechanisms, for 

example, the method of analyzing hierarchies in decision making. 

As you know, the length of the adaptive test is significantly affected by the quality 

of the structure of students' knowledge [28, p. 163]. Typically, a testee with a clear 

knowledge structure complete tasks of increasing difficulty, elaborating the assess-

ment of competence with every correctly completed task. They perform a small num-

ber of adaptive test tasks and quickly reach the threshold of their competence (i.e., to 

a predetermined level). Testees with a fuzzy structure of knowledge, who alternate 

between correct and incorrect answers, receive tasks with different range of difficulty. 

This seemingly negative side of adaptive testing finds a positive solution in intelligent 

systems. The intellectual system is reconfigured and presents to those who are tested 

special tasks which form a more structured knowledge system for students. But this 

problem has not yet been fully resolved, scientists are still working on it.  

The distance learning system (DLS) standard developed by IMS (Global Learning 

Consortium, Inc. – IMS) [34] provides three types of adaptive testing: 

– pyramidal – at first, every testee is given tasks of average difficulty, and then, if 

the answer is correct, the next (more difficult) task is offered in terms of difficulty, 

and if the answer is not correct, the previous (easier) task is given;  

– flexible (flexilevel – English “flexible level”) – the testee chooses the desired (for 

example, obviously overstated) level of difficulty of tasks [35; 36], and in the case of 

its successful completion, the transition proceeds upward on the scale of difficulty, 

and in the case of failure of his answer, downward; such leaps will continue until the 

real level of the student’s capabilities is established;  

– stratified (stradaptive, from the English “stratified adaptive” – “sorted”, “selected 

by criterion”) - testing is carried out on the base of the task selection from the data 

bank, grouped by difficulty level, and if the answer is correct, the next task is taken 

from the group of tasks of a higher (complex) level, if not, from the lower (easier) 

level [1]. 

As you can see, all three types of adaptive testing, unlike the classical tests, are dy-

namic that is, constantly changing and on-line. They are not static, where the list of 

questions proposed to the tested person does not change and is predetermined [1]. 

Since the procedure of student scoring in adaptive testing is a value dependent on 

their answers at each step of the test tasks, so it requires the use of the so-called 

polytomic evaluations (i.e., evaluations associated with establishing the number of 

correctly established correspondences). 



In the case of polytomic evaluations, the best ones can be those who performed the 

tasks correctly with the maximum number of correspondences, while other testees 

who know more and completed more difficult tasks with fewer correspondences will 

be in the worst position and will receive a lower score [28, p. 143]. To correct this 

drawback, the so-called “floating optimization approach” can be used in intelligent 

systems. This approach is based on the fact that more difficult tasks have a higher 

weight score, which the system necessarily takes into account when calculating the 

final results. 

A well-known testing researcher V.S. Avanesov identifies four forms of test tasks [24]: 

1. Choice tasks, which are divided into 3 subgroups: tasks with a choice of one cor-

rect answer or univariate tasks, tasks with a choice of several correct answers or mul-

tivariate tasks, tasks with a choice of the most correct answer. 

2. Open tasks. 

3. Tasks to establish the correspondence. 

4. Tasks to establish the correct sequence. 

In intelligent systems, the algorithm for varying the choice of questions in test 

tasks is easily implemented. Thus, when the questions are used again, the disad-

vantage associated with remembering the number of the correct answer, is easily 

eliminated. The same disadvantage is avoided when using the same test tasks by other 

participants (subsequent test persons) who are able to use the correct answers taken 

from those who have already passed this stage of testing. 

In general, the problem of re-presenting the same tasks with pre-known answers 

for the testees in intelligent systems is also solved at a more global level. To do this, 

the task calibration methods are used [28, p. 160]. A key factor is that the number of 

tasks put in the database must be large enough (so large that when using the test re-

peatedly, these tasks are not likely to be repeated). One of the main conditions for 

calibration is that tasks in complexity groups should be invariant. This feature allows 

to evaluate such tasks on the basis of even one group of testees, and then confidently 

distribute (use) them for any other group of people. Under this approach of calibrating 

tasks you can gradually add new tasks to an existing bank of placed tasks by present-

ing them to new groups of testees in the form of new test forms containing some of 

the already tested tasks (which are called the anchor part). Thus in future, the intelli-

gent adaptive system enables to present different forms of the test itself for different 

groups of testees using a single latent characteristics scale. Such an invariant task 

calibration is a great value of the adaptive system, since its implementation improves 

not only the semantic quality of new tasks, but it also introduces contemporary inno-

vative presentation forms. For example, you can use the new multimedia capabilities 

of the computer: audio, visual (photo and video) series, new interactive forms and 

approaches for submitting questions, etc. This is something that without losses, but at 

a high level of multidimensionality increases the learning effect and the evaluative 

qualities of tasks. The multidimensional nature of multimedia technologies leads to 

the fact that the completion of such a test enhances the functional efficiency associat-

ed with their clarity, interactivity, dynamism and other positive features that contrib-

ute primarily to the development of creativity and non-standard thinking. It should not 

be forgotten that excessive oversaturation with sound and visual images in computer 



testing often distracts the testee, confuses him from the main idea, and younger 

schoolchildren feel tired. Therefore, an intelligent system must necessarily monitor 

the optimal number of multimedia-formed tasks, using a control module that com-

pares the psychological-typological and personality-physiological characteristics of 

the data of a particular tested person and shows an approaching threshold of fatigue 

(or other danger), or switches on automatic re-profiling of the system to reduce or 

isolate tasks leading to negative phenomena. 

The main feature of the presentation of questions of the adaptive test is the varia-

tion of their difficulty level. But if in the traditional use of adaptive testing the selec-

tion of such tasks was carried out through their preliminary empirical selection and 

approbation of typical students on a sufficiently large sample (as they say, taking into 

account the general population) [30], then in intelligent adaptive testing this process is 

replaced by the selection of tasks according to the difficulty groups simultaneously 

with it (and sometimes independently on it) on the base of specially developed artifi-

cial intelligence algorithms. They include such algorithms as ant colony optimization, 

evolutionary (C. Darwin's algorithm), immune system algorithm, annealing algorithm, 

etc., although the models for the optimal classification and clustering testing tasks are 

still the main instruments. 

4 Research Results 

It is commonly known that the control of the test accuracy is carried out by com-

paring the answer of the tested person with the standard answer of the test, more pre-

cisely, by identifying the entire list of distracters (plausible, but incorrect answers) 

and accordingly, choosing the correct answer. 

But in adaptive testing implemented in machine execution, a computer randomly 

selects questions of the same difficulty level from the database of tasks. It can also 

implement a variation when among the proposed answers to the task, their sequence is 

also generated in a stochastic way. When proceeding to questions of another (more 

difficult or easier) level of tasks, the computer again randomly generates questions for 

presentation to the tested person with possible mixing (probabilistic generation) of the 

proposed answer sequence. In this case, controlling the verification of the correct / 

incorrect answer is a major problem. The mode of determining the testee’s answer 

usually comes down to registering the number of the task itself (question) and the 

corresponding number (code) of the correct answer, but since the numbers of the dis-

tracters and the correct answer are constantly changing (more precisely, their se-

quence for presentation), it is very difficult to establish the true correspondence of the 

task assessment and reference value. In this case, a way of coding the designations of 

the question numbers (tasks) and numbers of distracters (together with the correct 

answer) comes to the rescue. 

To link the number of the question and its correct answer (that is, the establishment 

of the so-called “label”), there are many invented techniques that have been used in 

cryptography. Here is one of them, based on a probabilistic basis. 



They take some four-digit number (suppose 41 3 2 is the threshold designation of 

the three distracters and the correct answer - only four positions) with the correct 

answer under number 3 (this is our mark in the third position), they take the square of 

it (17073424), and the average figures (0734) are written out of the result obtained (17 

0734 24), considering them as random ones. Now these “random” numbers are 

squared, and the centre of range is again extracted from the result obtained, etc.  

They stop this procedure for output only when it satisfies some established rule 

(condition), for example, when these average digits will stand next to each other for 

the first time in repeating numbers from 1 to 4 in any sequence (four is the number of 

suggested answers). It is also possible that such a quadruple that does not repeat in a 

row appears in any other place of this complete sequence, or in accordance with some 

other intricate restrictive algorithm. In this case, the entire chain of executed actions is 

registered (stored) by the intellectual system for repetition, if necessary. The sequence 

obtained with the help of this algorithm can be generally considered random (in fact, 

it is pseudo random), and the correct answer will be in the position where figure3 is 

marked by stochastic way (we have this label). Suppose that for the second question 

(of the same level of difficulty) it will be some obtained position of the distracters and 

the correct answer, say 241 3, and for the third task - 3 124, etc.  

Then the encoded set of correct answers of the test for the first nine questions may 

have the following form: 

1st question: 41 3 2 → 3; 

2nd question: 241 3 → 4 (four means the fourth position, which, with random gen-

eration, is the number 3 - that is, the label of the correct answer);  

3rd question: 3 124 → 1; 

4th question: 214 3 → 4; 

5th question: 1 3 24 → 2; 

6th question: 3 411 → 1; 

7th question: 142 3 → 4; 

8th question: 421 3 → 4; 

9th question: 1 3 24 → 2. 

If the system implements questions (tasks) at other levels of complexity, then the 

picture will not change, and will be similar to this: 

3, 4, 1, 4, 2, 1, 4, 4, 2. 

Those who are tested have to enter this set of numbers. If the testee confuses at 

least one number, then his objective assessment will be doubtful. How to avoid such 

errors? The answer is simple: you must be extremely careful. But when the student 

has to answer the test questions for a long time and what is more, the test changes its 

difficulty according to his answers, than “misprints” are sure to occur. In this regard, 

the ways to avoid these errors have been invented. 

In information security systems, this approach is called hashing, and its essence 

lies in the fact that one more, the so-called check digit, is added to this sequence of 

digits at the end (or at the beginning). This digit is obtained by using a special algo-

rithm based on the positions of the introduced correct answers codes, and if the testee 

confuses one of the digits in the sequence of digits that he enters, the intelligent test-



ing system having calculated the check digit from the codes already entered, immedi-

ately detects this error. 

There are several algorithms for finding this check digit. The first of them is well 

known enough, and it is called the modulo addition method. Its essence is that if add-

ing numbers, the computer system receives the result of more than 10 (or several 

times ten), it only leaves the last digit of the result, and if less than ten, then the result-

ing digit itself is exposed as if it deals with the usual addition. For example, adding up 

a series of numbers of the testees’ answers obtained only by the first position of the 

correct answers, we get an amount equal to 9: 

1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 = 9, 

and the system will give the same check digit 9. And in our case, the system considers 

the amount that is equal to 25: 

3 + 4 + 1 + 4 + 2 + 1 + 4 + 4 + 2 = 25, 

then the intelligent system, as a check digit, will only display number 5. 

The algorithm developed in 1954 by an IBM employee Hans Piter Luhn allows us 

to judge about the absence of errors in the block of digits of the testee’s answer only 

with a certain degree of certainty [37]. According to the algorithm of P. Luhn, this 

check digit is added to the existing nine-digit series of numbers at its end, and a ten-

digit number is already obtained, in our case it is: 3, 4, 1, 4, 2, 1, 4, 4, 2, 5. 

After entering a set of the correct answers of a testee, the intelligent system will add the 

resulting series of numbers by 10 modulo and compare the result with this check digit. If 

the answer does not match, then the system will indicate this, that is, it will immediately 

detect the incorrect input of the code (numbers) of the correct answers. 

For example, if the testee confuses only the number of one answer and enters an-

other one instead, the Luhn’s method will definitely detect this error, since the check 

digit will turn out to be different. But unfortunately, this method does not detect all 

the errors. For example, if the testee changes the position of two adjacent digits unin-

tentionally, then this method will not find this error. For example, if he enters 4, 3, 1, 

4, 2, 1, 4, 4, 2, 5 instead of the reference set of response codes for the test answers: 3, 

4, 1, 4, 2, 1, 4, 4, 2, 5, then the system will evaluate it as a positive (correct) result, 

since the check digit will not change, but this is not so! 

Therefore, in 1969 the Dutch mathematician and sculptor Jacobus Verhoeff pro-

posed another way to search for errors based on the values of numbers in a specially 

selected table (it is called a group) [38]. As before, its algorithm also works through a 

check digit at the end of the entered series of digits. Such algorithm allows intelligent 

system to recognize a larger number of errors: first, it finds all the replacements of 

any digit with the others (as the algorithm of P. Luhn), and it is able to determine 60 

out of 90 of all possible replacements of adjacent digits (the number 90 is taken from 

considerations that he used a table of 10 x 10 digits (9 digits, plus 0 – position row 

(column) for intermediate initialization). 

But the revolution in solving the problem of checking the correctness of the input 

digital data was made by a German mathematician Michael Damm in 2004. In his thesis 

research [39] he presented examples of the so-called completely antisymmetric 

quasigroups (it was previously believed that such quasigroups did not exist). His algo-

rithm detects all the errors when the replacement of one digit with another takes place and 



it is also able to detect all single permutations of two adjacent digits. This algorithm is 

noticeably simpler and more reliable than J. Verhoeff algorithm comparable in capabili-

ties. 

5 Discussion 

In the algorithm of M. Damm a way to calculate the check digit was found. It al-

lows to recognize all single replacements of one digit by another one and all permuta-

tions of adjacent digits as well. 

Suppose we need to find a check digit for the same sequence of test answers 3, 4, 

1, 4, 2, 1, 4, 4, 2, but already on the basis of the Damm’s table (antisymmetric 

quasigroup) (Fig. 1). To do this, following algorithm must be executed: 

1. At first, the interim digit is initialized to 0. 

2. The first number at the intersection of the first code 3 is found, i.e, it’s the cross-

ing of the column with the notation “3” and the row, with the notation “0” (initialized 

interim value). The result returns the number 7. 

3. The result of intersection between the second code 4 (column index 4) and the 

row index with the new value of the interim digit 7 is the number 3. This value is 

assigned to the new interim digit 3. 

4. The result of intersection between the next code 1 (column index 1) and the row 

index with the number value of the interim digit 3 is the number 7. This value is as-

signed to the next interim digit 7. 

5. The result of intersection between the next code 4 (column index 3) and the row 

index  with the number of the interim digit 7 is the number 3. This value is assigned to 

the next interim digit 3. 

6. The result of intersection between the next code 2 (column index 2) and the row 

index with the number of the interim digit 3 is the number 5. This value is assigned to 

the next interim digit 5. 

7. The result of intersection between the next code 1 (column index 1) and the row 

index with the same number of the interim digit 5 is the number 6. This value is as-

signed to the next interim digit 6. 

8. The result of intersection between the next code 4 (column index 4) and the row 

index with the number of the interim digit 6 is the number 7. This value is assigned to 

the next interim digit 7. 

9. The result of intersection between the next code 4 (column index 4) and the row 

index with the number of the interim digit 7 is the number 3. This value is assigned to 

the next interim digit 3. 

10. The result of intersection between the next code 2 (column index 2) and the 

row index with the number of the interim digit 3 is the number 5. This value is as-

signed to the next interim digit 5. 

11. The input sequence is over. The last value of the interim digit (5) is the check 

digit. The input sequence with the addition of the check digit to the end of it is: 3, 4, 

1, 4, 2, 1, 4, 4, 2, 5. 



The check digit algorithm for the Damm system is exactly the same as it was de-

scribed above. However, the 11th step will be changed. 

 

Fig. 1. The scheme of the Damm algorithm for controlling the accuracy of entering codes of the 

correct test answers 

 

11. The result of intersection between column index 5 (this is the last digit of the 

input sequence) and row index 5 (this is the value of the interim digit) (see fig. 1) is 0. 

This value is assigned to the intermediate digit. 

12. The input sequence is over. The last value of the interim digit is 0, as it was 

expected. 

Now, if the result of intersection between the check digit and the last interim digit 

is zero (the diagonal of the Damm table), then it indicates that all the answers to the 

questions (tasks) of the test are entered correctly and there are no errors. Otherwise, 

the intelligent system will ask to retype the answers correctly. 



6 Conclusion 

In summary, an intelligent adaptive testing system is distinguishable from classical 

control methods by a greater objectivity, efficiency, a higher level of differentiating 

and individualization, comparability of results and a higher degree of intellectualiza-

tion. All these characteristics involve testologists and practitioners to differentiate test 

tasks according to the level of subjects' studying. 

Having determined the current level of implementation of educational achievements, 

teachers use this innovative type of testing receiving reliable and timely information on 

the educational process, more precisely, on how effective and productive the pedagogi-

cal system is. Another important aspect of the intellectual-adaptive test control is an 

effective feedback, as well as the ability to measure the dynamics of achievements and 

the degree of development of each student, as well as consolidate their knowledge and 

skills [12]. The indisputable advantages of adaptive testing technology are also the ob-

jectivity of assessing the level of this knowledge and skills, their comparability and the 

possibility of real verification, which are ensured by precise “adjustment” to the typo-

logical characteristics of the student’s personality [40, p. 48]. 

The offered algorithm for checking the correctness (accuracy) of the input of stu-

dents' answers based on M. Damm's quasigroups is a reliable protection tool against 

accidental misprints (errors) of testees, as well as an important component of the con-

trol of a powerful objective assessment mechanism in an intelligent adaptive testing 

system. The toolkit of technological intellectually filled opportunities of adaptive 

testing contributes to the efficient usage of time in the classroom and increasing the 

productivity of the entire educational process, as well as practical introduction of 

individualization and differentiation approaches of education. 
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