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Abstract 
The hypothesis of behavioral parameters dependence measured from person’s 
head movements in quasi-stationary state on COVID-19 disease is discussed. 
Method for determining the dependence of vestibular-emotional reflex para-
meters on COVID-19, various diseases and pathologies are proposed. Mi-
cro-movements of a head for representatives of the control group (with a 
confirmed absence of COVID-19 disease) and a group of patients with a con-
firmed diagnosis of COVID-19 were studied using vibraimage technology. 
Parameters and criteria for the diagnosis of COVID-19 for training artificial 
intelligence (AI) on the control group and the patient group are proposed. 
3-layer (one hidden layer) feedforward neural network (40 + 20 + 1 sigmoid 
neurons) was developed for AI training. AI was firstly trained on the primary 
sample of patients and a control group. Study of a random sample of people 
with trained AI was carried out and the possibility of detecting COVID-19 
using the proposed method was proved a week before the onset of clinical 
symptoms of the disease. Number of COVID-19 diagnostic parameters was 
increased to 26 and AI was trained on a sample of 536 measurements, 268 pa-
tient measurement results and 268 measurement results in the control group. 
The achieved diagnostic accuracy was more than 99%, 4 errors per 536 mea-
surements (2 false positive and 2 false negative), specificity 99.25% and sensi-
tivity 99.25%. The issues of improving the accuracy and reliability of the 
proposed method for diagnosing COVID-19 are discussed. Further ways to 
improve the characteristics and applicability of the proposed method of di-
agnosis and self-diagnosis of COVID-19 are outlined. 
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1. Introduction 

Currently, the COVID-19 epidemic is only growing and at the time of this writ-
ing, record numbers of infected people were recorded in the world [1] [2]. One 
of the significant factors in the spread of the pandemic is the significant time 
between a patient’s infection and the onset of symptoms of COVID-19 disease 
[3]. There are a number of biochemical diagnostic methods for COVID-19, which 
can mainly be divided into blood tests (antibody) and taking nasopharyngeal 
swabs (PCR) [4] [5] [6], however, in real conditions most countries have signifi-
cant time between taking a test and receiving COVID-19 diagnostic result [7]. 
For example, in Russia this time can be more than 2 weeks due to many different 
reasons, despite the recommendation of obtaining test results within 48 hours 
[8]. At the same time, even the obligatory 48 hours is an unbearably long time for 
the testing procedure, for example, at the airports or during the pre-shift control 
of workers on factories, during attending public events, when children go to 
school, etc. Thus, it turns out that known biochemical methods for diagnoses 
diseases with a long incubation period, in principle, cannot be a barrier to the 
spread of infections [9]. This is confirmed by the current spread of COVID-19 in 
the world, despite all the efforts made by the WHO and various countries. The 
use of temperature control as a diagnosis of COVID-19 in crowded places 
creates only the illusion of safety, since the asymptomatic and temperature nor-
mal carriers of COVID-19 poses the greatest danger to infecting others [10].  

At the same time, there are a number of alternative technologies for detecting 
COVID-19 that are not directly based on biochemical analysis of the virus, but 
analyze the indirect consequences of its impact on the body. One such known 
method is the specific odor of the disease, which can be detected by specially 
trained dogs [11]. It is clear that such a method for detecting a disease cannot 
become a mass protection of the population, but it shows the fundamental pos-
sibility of diagnosing COVID-19 according to the consequences of the effect of 
the virus on a human body. 

Another alternative way to diagnose COVID-19 is diagnostics by the sound of 
a cough, performed by trained artificial intelligence [9]. According to the au-
thors, cough is a significant indicator of the disease, the cough of a healthy per-
son and a person with COVID-19 varies significantly in parameters, and artifi-
cial intelligence (AI) trained on control group and patients group finds signifi-
cant differences in cough parameters. At the same time, the proposed diagnostic 
method using AI in terms of cough parameters has obvious practical limitations, 
since after coughing each person, it is necessary to sanitize the premises. In ad-
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dition, not all COVID-19 infected patients [12] have lung involvement, and such 
patients should not be identified by cough parameters. Moreover, medical rec-
ommendations can hardly contain a requirement to cough, since this method 
can lead to coughing fits in a certain number of patients under studyю 

At the beginning of the COVID-19 epidemic was proposed method for diag-
nosing diseases by the micromovements analyzing of a human head using vi-
braimage technology [13] [14] [15]. Was supposed to use the analysis of the 
synchronization of physiological processes as one of the main indicator Σ[R] of 
human health, with the second indicator Σ[ΔM] reflecting the correspondence 
of reflex movements of the human head to the obtained head movement tem-
plate for a relatively large number (15,000) of healthy people [16]. The possibili-
ty of vibraimage technology using to identify a specific disease previously was 
confirmed by express diagnosis of prostate cancer, when it was proved that ves-
tibular-emotional reflex is sensitive to oncology changes in the body [17]. Viola-
tion of the normal rhythm of reflex micromovements of the head can occur both 
in the case of mental changes and in the case of physiological pathology [18]. 
However, our studies in the first half of 2020 showed that integral psychophysi-
ological parameters determined by micromovements of the head and used to 
determine the level of functional health or oncology of the prostate turned out to 
be weakly sensitive to identifying asymptomatic carriers of COVID-19, namely, 
they pose the main danger in the spread of infection. Considering that AI 
showed quite well in solving precisely exact problems [19], where is possible to 
conduct a study by independent methods and form a control group and a group 
of patients using standard methods of biochemical and radiological diagnostics. 
Therefore, the developers of vibraimage technology created an artificial neural 
network and train AI according to the vibraimage parameters of the indicated 
groups.  

2. Materials and Method 
2.1. Pretesting Materials and Method 

144 measurements of the micromovements of the head of patients parameters 
with a confirmed diagnosis of COVID-19 (136 patients with confirmation of 
Covid-19 by CT and PCR in the active phase and 8 patients with asymptomatic 
COVID-19) formed the group of patients. All measurements were done by Vi-
braHT program [20] or HealthTest [21] program. VibraHT is professional pro-
gram giving all setting and parameters information to users. VibraHT is more 
detailed, includes more parameters for assessment than HealthTest. HealthTest 
is simplified program version operating in default settings and gives only main 
health parameters to users. Both programs VibraHT and HealthTest have iden-
tical processing algorithm for COVID-19 diagnosis. The measurements were 
done between May and June 2020. The age of the patients was from 25 to 75 
years, the male-to-female ratio 60 - 40%. Ethnic composition—100% Russian. 
The demographic parameters of the control group were matched identically to 
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the patient group. To form control group, 144 measurements of head micro-
movements parameters of people with a complete absence of COVID-19 symp-
toms and a negative PCR test for COVID-19 were used. Web cams MS LifeCam 
Cinema and MS LifeCam Studio captured video information of person head. 
Cameras resolution was set 640 × 480, frame frequency 30 f/s, b/w mode on in 
settings. Person position was about 50 cm from webcam, head size in horizontal 
line was more than 200 pixels. Image Quality test level by VibraHT and Health-
Test programs was higher than 80% for all accepted testing results.  

The relatively small number of measurements in the patient group and the 
control group was determined by two factors. The presence of lockdown intro-
duced in the country (Russia) for the period of obtaining data and the legal un-
certainty of biometric data capturing, which include the results of micromove-
ments measurements of a human head. All participants in the study of human 
head micromovements using vibraimage technology, the results of which are 
used in this work, signed an Agreement on anonymized using of biometric data 
when publishing research results.  

To process measured results in Elsys Corp, St. Petersburg, Russia, artificial 
neural network (ANN) was developed and trained with simple three-layer feed-
forward structure, shown in Figure 1.  

The values of micromovements parameters of a human head T1-T10 [16] were 
used as input parameters on the first network layer in the following order for 
each input sigmoid neuron of the first layer of the neural network: 

M(T1), S(T1), M(T2), S(T2), M(T3), S(T3), M(T4), S(T4), M(T5), S(T5), 
M(T6), S(T6), M(T7), S(T7), M(T8), S(T8), M(T9), S(T9), M(T10), S(T10). 

In vibraimage technology T1-T10 parameters are determined in the way to 
have minimum correlation with each other [13] [16], therefore a limited number 
of parameters characterizes reflex micromovements of a head as informative as 
possible [18].  

Where: M (Ti)—median value of i parameter during the measurement. 
S (Ti)—SD of i parameter during the measurement. 
All input parameters M (Ti) and S (Ti) are scaled to the range [0 … 1]. 
After the formation of the neural network with the configuration shown in 

Figure 1, the AI was trained on the control and patient databases groups. The 
training was carried out on Sony Vaio computer with i7 processor, RAM = 16Gb 
and took 24 hours. 

After training, the AI discriminated two groups with an accuracy of 94%, out 
of 288 results there were 15 errors, 7 false results in the patient group and 8 false 
results in the healthy group. Of the 7 false results in the patient group, 4 were 
related to the measurements of patients at the late stage of COVID-19 but were 
left in the training sample, since the ability to infect at a late stage of the disease 
has not yet been sufficiently studied [22]. The AI discrimination function was 
tuned in such a way that when the number of measurements in the training 
samples is equal, the threshold value for accepting solution to place the result as 
negative or positive is 0.5, which is reflected in Figure 2. 
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Figure 1. Block diagram structure of feedforward neural network for COVID-19 diagnosis. 

 

 
Figure 2. AI decision function for groups discrimination. 

 
Following AI discrimination function was set when the number of measure-

ments in the training groups is equal, the threshold value for accepting solution 
to place the result as negative or positive is 0.5, shown on Figure 2. 

AI decision results with a score of less than 0.5 are considered as negative 
COVID-19, and results greater than 0.5 are considered as positive COVID-19. 

2.2. Pretesting AI for COVID-19 Diagnosis  

Based on the results obtained in the course of pretest studies, changes were made 
to HealthTest and VibraHT programs and, in addition to the integral health in-
dicators Ʃ[R] and Ʃ[ΔM], was added the COVID-19 probability indicator, cal-
culated by AI on discrimination input data. 

Since the Federal law of experimental legal regimes in the sphere of digital 
innovations in the Russian Federation [23] appeared at the beginning of August 
2020, which allows the use of telemedicine in the practical area, Elsys Corp, St. 
Petersburg, Russia, decided to monitor each employee’s pre-shift checking by 
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the updated HealthTest program from September 1, 2020. 
On October 20, by pre-shift control, one of Elsys’s employees (male, 66 years 

old) showed 100% probable of COVID-19. The result of that measurement by 
VibraHT program is shown in Table 1. 

The health indicators shown in Table 1 and the norms for them are de-
scribed in the HealthTest and VibraHT programs Manuals [20]. Note that not 
only the employee’s integral health indicators at the time of October 20 were 
normal, but all other behavioral and psycho-emotional parameters measured 
by the VibraHT program [20] and shown in Figure 3 were also within the 
normal range. 

Naturally, the employee suspected of COVID-19 was quarantined, although 
his temperature at that moment was 36.5 and he did not have any external signs 
of SARS or COVID-19. The first signs of COVID-19 (temperature 37.5˚C head-
ache, weakness) appeared on Monday 26 October, i.e. 6 days after the detection 
of COVID-19 by the HealthTest program. On October 27, a doctor was called 
who prescribed treatment (Azithromycin 500 mg. 1 tab. 9 days + 3 days, Ingavi-
rin 90 mg. 1 tab. 1 time per day, 7 days, Thrombo ACC 75 mg. gpo 1 tab. 1 time 
per day, 10 days, Grippferon (nasal drops) 5 times a day, 7 days) and gave a re-
ferral to CT, which revealed 25% lung damage. 

Selected data from the monitoring of integral health indicators determined by 
the HealthTest program [21] for the given patient in the course of illness and 
treatment shown in Figure 4. 

The given data from Figure 4 show the main trends in changes of both integral 
health indicators and the dynamics of COVID-19 diagnostics. Green color in 
Health of Figure 4 cell shows position of health indicators inside norms. Yellow 
color in Health table cell shows outside position for one indicator out of norms. 
Green color shows normal Health based on two health indicators. AI indicator 
from Figure 4 show the result of COVID-19 diagnosis by HealthTest program, 
also green is normal, red is COVID. Taken on the same date of last measure-
ment 16 November 2020 enzyme immunoassay analysis indicates IgA = 4.33 and 
IgG = 3.46 and having antibodies show immunity to COVID-19. 

The dynamics of health indicators [15] shows a noticeable deterioration in 
general health indicators in the active phase of COVID-19 and almost their re-
covery after about 3 weeks from the moment of illness for this particular patient. 
Health indication comes from green zone before disease to red zone in active 
COVID-19 phase to green zone after COVID-19 treatment on Figure 4. 
 

Table 1. Detection of COVID-19 with normal integral health indicators by HealthTest 
program. 

10-20-13-16 Indicator (norms) 

Health Σ[R] = 29.56 (>20.0) 

t = 61 s Σ[ΔM] = 3.92 (<4.0) 

 AI = 100.00 (<50) 
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Figure 3. Psychophysiological parameters values for early detection of COVID-19 by Vi-
braHT program main menu. 

 

 
Figure 4. Detection of COVID-19 and integral health indicators dynamics by 
HealthTest Program in case of proven COVID-19 disease. 
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3. Analysis of Results 
Materials  

COVID-19 detection of our employee, and then his wife COVID-19 infection, 
allowed us significantly (+102 measurements) replenish the database of measure-
ments of patients with confirmed COVID-19 and naturally collect more data for 
the control group. 

At the time of writing this article, the number of patient’s measurements with 
confirmed COVID-19 in patient group was 268 measurements and 268 measure-
ments in the control group (536 measurements in total). The structure of the 
neural network, shown in Figure 1, was left the same and the number of input 
vibraimage parameters, characterizing the micromovements of a head, was in-
creased from 20 to 26. 

In the course of the main study, the AI of the neural network (with the con-
figuration shown in Figure 1) was trained on the augmented measurement 
databases of the control group and the patient group. The training was carried 
out on the same Sony Vaio computer with i7 processor, RAM = 16 Gb and 
took 1 hour. After training AI discriminated two groups of 268 measurements 
with an accuracy higher than 99%, out of 536 results, 4 errors were detected, 2 
false positive results in the group of patients and 2 false negative results in the 
group of healthy people. Figure 5 shows the sensitivity-specificity curve for 
the obtained sample of 536 results in accordance with GOST R 53022.3 in 
2008. 

Resulting sensitivity value was 99.25%, the resulting specificity value was the 
same 99.25%. 

The distribution density of the sensitivity and specificity values for the nega-
tive and positive groups to COVID-19 for the sample of 536, depending on the 
presented threshold values of the AI decision results, shown in Table 2 based on 
Excel calculation of AI data. 

Data shown on Table 2 indicates a slight difference between the results ob-
tained from the ideal broken sorting of patient groups and the control. Differ-
ences in sensitivity values of real values did not exceed the deviation in the 
fourth decimal place for both groups, and the number of non-ideal measurements 
was minimal. The total error of sorting by groups (4 results out of 536) was less 
than one percent, respectively, the overall accuracy of sorting by groups was 
99.25%. 

Figure 6 shows the coefficients of significance for 28 input vibraimage para-
meters when processing the first line of the neural network, showing the differ-
ent influence of the input parameters on the sorting result. The yellow line 
marks the maximum significance coefficients obtained for each input parameter. 

Most likely, input parameters with insignificant data in the highlighted row of 
Figure 6 (for example, significance less than 10 can later be replaced with other 
input parameters that characterize more informative parameters of micromove-
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ments of the human head and provide a higher quality of group classification in 
the diagnosis of COVID-19. Pay attention that highest significant level has SD of 
the following behavior parameters—aggression, anxiety, energy, neuroticism, 
happiness (S(T1) = 44; S(T3) = 37; S(T7) = 36; S(T10) = 38; S(T12) = 37), show-
ing the main difference in behavioral parameters for patient and control groups. 
All current statistics based on AI solution and is difficult to calculate or confirm 
by other statistics methods. 

 

 
Figure 5. Specificity-sensitivity dependence in a sample of 536 mea-
surements of COVID-19 diagnostics according to vibraimage parame-
ters by measuring micromovements of the human head. 

 

 
Figure 6. Average weights of input parameters on the first layer of feedforward neural network. 
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Table 2. Detection of COVID-19 with normal integral health indicators by HealthTest 
program. 

COVID-19 negative COVID-19 positive 

Threshold Threshold 

0.5 0.5 

0.000005 0.999995 

0.000003 0.999997 

0.000002 0.999998 

0.000001 0.999999 

Probability Probability 

99.25% 99.25% 

95.52% 96.27% 

91.42% 93.66% 

90.30% 92.16% 

89.18% 91.42% 

4. Discussion 

The authors understand that presented statistics may change significantly with 
an increase in the number of measurements and is too early to draw conclusions 
about a confident 99% accuracy of the COVID-19 diagnostic by the method of 
head micromovements analyzing. Moreover, the number of having measure-
ments significantly exceeds the number of studied patients (14 patients for 261 
measurements). However, the above result allows us to look optimistically at the 
high accuracy of future COVID-19 diagnosis, since the discussed method has 
high reserves in providing additional information about the micromovements of 
the human head, primarily in an unlimited increase in the input parameters for 
AI processing. In addition, high sensitivity of vestibular-emotional reflex to de-
tection of various diseases, including non-infectious ones, was previously shown 
and discussed [17]. An additional argument for the high accuracy of the pro-
posed method for diagnosing COVID-19 is the ability to train AI on patients 
with different confirmation of COVID-19 (PCR, serology, CT), which allows 
avoiding systematic diagnostic errors inherent in each of these biochemical me-
thods or radiology separately. 

The ability to obtain the results of head micromovements at different stages of 
the disease is also a relative advantage of AI training in the proposed method. 
For example, it follows from Table 2 that the primary diagnostic program was 
unable to detect COVID-19 on certain days of the active phase of the disease 
(October 27 and 28) against the background of other symptoms of the disease. 
After adding these and other measurements of cases to the main database, the 
program successfully detects COVID-19 based on past results of measured be-
havioral parameters. Thus, almost every measurement of micromovements of a 
person head with confirmed COVID-19 provides unique information about the 
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characteristics of the disease and can be used to train AI. 
At the same time, the fundamental simplicity is great advantage of the pro-

posed method, the studied person is tested only 1 - 3 minutes in front of a stan-
dard web camera connected to a computer [16] [24]. Free AIvsCOVID software 
[25], opens unlimited possibilities for using this method for regular self-testing, 
pre-shift control, checks in places of public events, airports, concerts, train sta-
tions, etc. 

A separate issue requires further study of the optimal time for measuring the 
micromovements of a human head for the most accurate diagnosis of COVID-19. 
In both groups of patients and the control group, the measurement time was 1 
(40%) and 3 (60%) minutes for the same number of measurements. Presumably, 
the accuracy of determining the average median values of the parameters and 
their standard deviations slightly increases with 3-minute measurements [26], so 
now we recommend taking 3-minute measurements to diagnose COVID-19. 
However, we believe that in the course of further research it will be possible to 
reduce the testing time to 1 minute or even 30 seconds, due to an increase in the 
number of input controlled parameters when calculating the AI and the possible 
complication of the AI structure. Although according to the results of current 
measurements, all 4 errors (2 false positives and 2 false negatives) refer to 1 
minute measurements, thus the accuracy of COVID-19 diagnostics for 3 minute 
measurements of head micromovements is 100%. 

The authors think that a slight decrease in the accuracy of the described me-
thod for diagnosing COVID-19 is possible with a significant increase in the 
number of measurements in the training samples. At present, with an insignifi-
cant amount of data in the samples, AI can artificially cling to vibraimage fea-
tures inherent in cameras and measurement conditions, since the real vibrai-
mage differs from the ideal vibraimage [24] [26]. With the increase in the 
amount of measurement data, these pseudo-features of COVID-19 will disap-
pear, and whether this loss can be made up by trained AI is an open question 
that requires further study. 

The active spread of COVID-19 in all countries requires a revision of tradi-
tional medical diagnostic methods and a more active development of non-contact 
computer methods, the representative of which is vibraimage technology com-
bined with the capabilities of AI. 

In this paper, we do not consider in details ANN structure, presented on the 
Figure 1 feedforward neural network was selected as enough simple, having low 
time for training and learning and having high reserves for improving. Also 
small having database and high-received accuracy are promising more optimiza-
tion for the next study. Frankly speaking, we were surprised by the practical de-
tection results received from so limited database on pretesting stage and in our 
understanding it confirms high potential accuracy of suggested method and 
current AIvsCOVID [25] program trained on a doubled database. 

The authors express their readiness to cooperate with various teams to next 
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improvements of developed method, increase the database for AI training, and 
improve the accuracy and reliability of the results obtained. 

5. Conclusions 

We have developed and offered free COVID-19 test program [25] with an esti-
mated accuracy better than 99%. In our opinion, its active implementation in all 
areas will be able to stop the pandemic, and joint efforts to refine it will be able 
to make it more reliable and possibly universal for detecting new yet unknown 
diseases. Only regular selftesting and testing all people contact you, will help to 
stop COVID-19 pandemic. 

A global pandemic requires a world effort to end it—none of us will be safe 
until everyone is safe. Access to vaccines, tests and treatments for everyone who 
needs them is the only way out—this is a historic test for global cooperation 
[27]. Testing time and accuracy are so important as vaccines and treatments. 
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