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Abstract

:

The Boltzmann–Gibbs additive entropy    S  B G   = − k  ∑ i   p i  ln  p i    and associated statistical mechanics were generalized in 1988 into nonadditive entropy    S q  = k   1 −  ∑ i   p i q    q − 1     and nonextensive statistical mechanics, respectively. Since then, a plethora of medical applications have emerged. In the present review, we illustrate them by briefly presenting image and signal processings, tissue radiation responses, and modeling of disease kinetics, such as for the COVID-19 pandemic.
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1. Introduction


Throughout the history of the sciences, medical applications have emerged within very diverse disciplines. In particular, physics has provided all kinds of such applications, including X-rays, magnetic resonances, optical fibers, laser instruments, thermometers, pressure devices, and radio therapies, among many others. In recent decades, new applications have emerged from statistical mechanics, one of the pillars of contemporary physics, together with electromagnetism, classical and quantum mechanics, and others. The processing of various medical images and signals, such as electroencephalograms (EEG), magnetoencephalograms (MEG), as well as other important procedures, have benefited, both in precision and in speed, from the thermostatistical concept of entropy, which, together with the concept of energy, provide the basis of classical thermodynamics [1]. More precisely, the 1988 proposal [2] of so-called nonadditive entropies as a basis to generalize the traditional Boltzmann–Gibbs (BG) theory led to many useful medical applications. We review here selected examples.



BG statistical mechanics is constructed upon the following Boltzmann–Gibbs–von Neumann–Shannon entropic functional:


   S  B G   = − k  ∑  i = 1  W   p i  ln  p i      ∑  i = 1  W   p i  = 1   ,  



(1)




where k is a conventional positive constant chosen once for ever (typically   k =  k B    in physics, and   k = 1   in computational sciences). Its maximal value occurs for equal probabilities, i.e.,    p i  = 1 / W  , ∀ i  , and is given by


   S  B G   = k ln W  ,  



(2)




carved on the tombstone of Ludwig Boltzmann in Vienna. This relation constitutes an inspired connection between the macroscopic and the microscopic descriptions of real systems. The entropy (1) is additive [3]. Indeed, if A and B are two probabilistically independent systems (i.e.,    p  i j   A + B   =  p i A   p j B   , ∀  ( i , j )   ), we straightforwardly verify that


   S  B G    ( A + B )  =  S  B G    ( A )  +  S  B G    ( B )   .  



(3)




In addition, for a system in thermodynamical equilibrium with a thermostat at temperature T, the distribution which optimizes   S  B G    is given by the celebrated BG weight


   p i  =   e  − β  E i      ∑  j = 1  W   e  − β  E j       ,  



(4)




where   β = 1 / k T   and   {  E i  }   are the possible energies of the system.



In 1988, a generalization of this theory was proposed [2] on the basis of the entropic functional


   S q  = k   1 −  ∑  i = 1  W   p i q    q − 1      ( q ∈ R ;  S 1  =  S  B G   )   .  



(5)




Its maximal value is given by the generalization of Equation (2), namely


   S  B G   = k    W  1 − q   − 1   1 − q   ≡ k  ln q  W  .  



(6)




Equation (3) is generalized as follows:


     S q   ( A + B )   k  =    S q   ( A )   k  +    S q   ( B )   k  +  ( 1 − q )     S q   ( A )   k     S q   ( B )   k   ,  



(7)




hence


   S q   ( A + B )  =  S q   ( A )  +  S q   ( B )  +   1 − q  k   S q   ( A )   S q   ( B )   .  



(8)




And Equation (4) is generalized into


   p i  =   e q  −  β q   (  E i  −  μ q  )      ∑  j = 1  W   e q  −  β q   (  E j  −  μ q  )       ,  



(9)




where   μ q   plays the role of a chemical potential, and    e q   ( x )    is the inverse function of    ln q  x  , i.e.,


   e q x  ≡   [ 1 +  ( 1 − q )  x ]  +  1  1 − q     ,  



(10)




   [ … ]  +   being equal to   [ … ]   if   [ … ] > 0   and zero otherwise.



Details related to this q-generalized statistical mechanics, currently referred to as nonextensive statistical mechanics, are available at [4,5], and a full bibliography is available at [6].




2. Medical Applications


The concept of entropy has more than once been useful in connection with medical applications (see, for instance, [7,8,9]). In particular, nonadditive entropies have been extensively used in image and signal processing in order to improve speed and clarity. Illustrative examples are provided here, as well as applications in tissue radiation response.



2.1. Image Processing


The detection of possible pathological microcalcifications as revealed in mammograms can be improved by using q-entropy with   q ≠ 1   [10] (see Figure 1).



Brain tissue segmentation using q-entropy improves the diagnosis of multiple sclerosis in magnetic resonance images [11] (see Figure 2).



Detailed images of bronchus, colon, and blood vesse (Figure 3).



The images of computer tomography scans revealing fibrosis due to COVID-19 can be improved by incorporating into the algorithm the q-entropy with   q = 0.5   [13] (see Figure 4).




2.2. Signal Processing


As a critical element of cardiovascular research, in the examination of heart health an electrocardiogram (ECG) represents a record of cardiac electrical activity whose sophisticated analysis is highly relevant for diagnosing and preventing cardiovascular diseases. The latter typically requires considerable human resources and expertise. To this end, many powerful automated techniques and methodologies for ECG signal analysis have been reported to date in the literature (see e.g. [14,15]; for recent reviews, see [16,17] and references therein). Most advanced methods, in particular, utilise modern artificial intelligence approaches enabling rapid human-like interpretation of the ECG recordings capable of recognising subtle patterns and details in the ECG signals typically inaccessible by human interpreters [18,19,20]. Such methods make ECG signal analysis a powerful, non-invasive means of biomarking.



Another important method for monitoring and examining patient health is based on electroencephalogram (EEG) recordings [21,22]. This method is particularly focused on controlling disruptions in the functionality of neurons inside the brain, such as seizures in epilepsy [23]. Existing conventional treatments for epilepsy cannot be efficiently applied in the case of successive seizures, which are widespread and account for about 30% of epilepsy patients [24]. A comprehensive visual analysis of EEG recordings by doctors is cumbersome as it takes too much time and can be subjective and prone to human error. Hence, an automated seizure detection approach is required to accelerate the analysis of EEG recordings and obtain more accurate predictions [25,26,27,28].



Both ECG and EEG recordings are important ingredients of so-called medical time series representing recorded electronic health datasets containing important information on certain aspects of a patient’s health recorded over a given period of patient care, or over the course of a patient’s entire lifetime [29]. Generic medical (or clinical) time series may capture genetic and lifestyle health risks, indicate the emergence of possible diseases, and contain information about the time and stage of diagnosis, as well as about the development of treatment plans. A detailed and reliable analysis of medical time series is essential for understanding clinical trajectories and progression in a wide range of diseases, such as cancer, Alzheimer’s or cardiovascular disease, etc., as well as for enabling precise forecasting of disease trajectories, correct and timely diagnosis, and the development of appropriate treatment procedures [30].



Signal processing of the EEG for direct medical use has been proposed for brain injury following serious events, such as cardiac arrest or asphyxia [31]. Typical results are indicated in Figure 5 (where the highest sensitivity of the recovery EEG is achieved for   q ≃ 3  ) and Figure 6 (where artificial low-amplitude spikes become detectable after (entropic) processing with   q ≥ 3  ). Further biomedical applications are described in [32,33,34,35,36,37,38,39,40,41,42,43,44].



The analysis of the tonic–clonic transition of some types of epilepsy provides a typical illustration [42]. The EEG during a crisis can be seen in Figure 7. At time 125 s, a clinically dramatic transition occurs with the patient. However, nothing special can be seen in the direct EEG at that moment. In contrast, as we verify in Figure 8, after appropriate processing, the tonic–clonic transition becomes clearly visible. The discrimination becomes even stronger if   q < 1   is used. If no specialized medical agents are present at the precise moment of the crisis of the patient, the existence of such a neat peak makes possible the automatic start of computer-controlled administration of appropriate drugs during the emergency.



The use of such algorithms is expected to enable improved analyses in mild cognitive impairment, vascular dementia, Lewy body dementia, major depression, dementia associated with Parkinson’s disease, Pick’s disease, Huntington’s chorea, and progressive supranuclear palsy, among others.




2.3. Tissue Radiation Response


Radio therapies are frequently used to aid recovery from serious diseases, such as cancer. The application of such medical procedures is, however, quite difficult. Indeed, healthy cells can be attacked together with sick ones.



From q-statistical arguments, it was obtained [45] that the cell survival fraction   F s   is given by the q-exponential form    F s  =   ( 1 − D /  D 0  )  γ   , where D is the applied dose,   D 0   is the minimal annihilation dose, and   γ ≡ ( 2 − q ) / ( 1 − q )  . Figure 9 shows the validation of this expression with experimental data obtained for five different classes of cells; moreover, a universal curve can be established through appropriate collapse. The superiority of the D-dependence of   F s   is illustrated in Figure 10. Indeed, the use of the current linear-quadratic (LQ) exponential function (of the BG type) yields, for extreme values of D (such as   D = 16  G y  ), a value for   F s   which can be erroneous by a dangerous factor larger than two in the survival fraction. Such an overdose can be fatal for healthy cells.





3. Modeling of Disease Kinetics


The complexity of the propagation of diseases within a population makes these phenomena strong candidates for the application of q-statistics. We mention here two such applications for COVID-19, one of them being purely descriptive [46], the other one entering into the dynamics of an epidemic or pandemic [47].



Let us briefly review the quite successful description advanced in [46] for the behaviour of total cases and fatality curves. We will concentrate here on analysis of the active cases and deaths per day. The inspection of public data, such as [48] (updated on a daily basis), in particular, of the time evolution of the number N of active cases (surely a lower bound of the unknown actual numbers) showed a rather intriguing similarity with the distributions of the volumes of stocks. Along these lines, we adopt the following functional form for each country or region:


  N = C   ( t −  t 0  )  α   e q  − β    ( t −  t 0  )  γ    =   C   ( t −  t 0  )  α     [ 1 +  ( q − 1 )  β    ( t −  t 0  )  γ  ]   1 / ( q − 1 )     ,  



(11)




with   C > 0 ; α > 0 ;  β > 0 ; γ > 0  ,   q > 1   and    t 0  ≥ 0  . The constant   t 0   indicates the first day of appearance of the epidemic in that particular country (or region). The normalising constant C reflects the total population of that particular country. For   α = 0  , if   γ = 1  , we recover the standard q-exponential expression; if   γ = 2  , it is currently referred to in the literature as q-Gaussian; for other values of  γ , it is referred to as stretched q-exponential. Through the inspection of the roles played by the four nontrivial parameters, namely   ( α , β , γ , q )  , it became rather transparent that   ( α , β )   depend strongly on the epidemiological strategy implemented in that region, in addition to the biological behaviour of the coronavirus in that geographical climate. In contrast, the parameters   ( γ , q )   appear to be fairly universal for COVID-19, mainly depending on the coronavirus itself. See Figure 11 for typical results in May 2020.




4. Final Remarks


The q-exponential function    e q x  =   [ 1 +  ( 1 − q )  x ]   1  1 − q      is asymptotically universal for   x → 0  , i.e., it does not depend on q for   | x | → 0  . In other words, in such a limit, we are allowed to simply replace it by   e x  . But the discrepancy becomes dramatic as soon as   | x |   grows. Since the index q generically reflects non-local space and/or time correlations which are virtually always present in relevant properties of complex systems, it is no surprise that nontrivial values of q can be usefully adapted in very many medical applications. Indeed, human beings, and living organisms in general, are notoriously complex systems and their properties frequently differ from the typical ones verified in simple systems, such as those in, say, the standard thermal equilibrium. The practicality of q-statistical concepts with regard to the usual Boltzmann–Gibbs concepts has been illustrated in the present review with examples including the processing of medical images (e.g., mammograms, computer tomography, magnetic resonance) and signals (e.g., EEG, MEG), tissue response to radiation, and the modeling of pandemic disease kinetics, such as for COVID-19. It appears that the door is open for the development of new and more precise procedures and algorithms that will be beneficial to human health.







Author Contributions


C.T. and R.P. have equally contributed in all aspects. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Acknowledgments


This work has received partial financial support by CNPq, CAPES and FAPERJ (Brazilian agencies).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Tsallis, C. Entropy. Encyclopedia 2022, 2, 264–300. [Google Scholar] [CrossRef]

	



Tsallis, C. Possible generalization of Boltzmann-Gibbs statistics. J. Stat. Phys. 1988, 52, 479–487. [Google Scholar] [CrossRef]

	



Penrose, O. Foundations of Statistical Mechanics: A Deductive Treatment; Pergamon: Oxford, UK, 1970; p. 167. [Google Scholar]

	



Gell-Mann, M.; Tsallis, C. (Eds.) Nonextensive Entropy—Interdisciplinary Applications; Oxford University Press: New York, NY, USA, 2004. [Google Scholar]

	



Tsallis, C. Nonextensive Statistical Mechanics—Approaching a Complex World, 1st ed.; Springer: Berlin/Heidelberg, Germany, 2009. [Google Scholar]

	



Regularly Updated Bibliography. Available online: http://tsallis.cat.cbpf.br/biblio.htm (accessed on 23 March 2023).

	



Pendrill, L.; Espinoza, A.; Wadman, J.; Nilsask, F.; Wretborn, J.; Ekelund, U.; Pahlm, U. Reducing search times and entropy in hospital emergency departments with real-time location systems. IISE Trans. Healthc. Syst. Eng. 2021, 11, 305–315. [Google Scholar] [CrossRef]

	



Melin, J.; Cano, S.J.; Floel, A.; Goschel, L.; Pendrill, L.R. The role of entropy in construct specification equations (CSE) to improve the validity of memory tests: Extension to word lists. Entropy 2022, 24, 934. [Google Scholar] [CrossRef] [PubMed]

	



Dakhale, B.J.; Sharma, M.; Arif, M.; Asthana, K.; Bhurane, A.A.; Kothari, A.G.; Acharya, U.R. An automatic sleep-scoring system in elderly women with osteoporosis fractures using frequency localized finite orthogonal quadrature Fejer Korovkin kernels. Med. Eng. Phys. 2023, 112, 103956. [Google Scholar] [CrossRef]

	



Mohanalin, J.; Beenamol, M.; Kalra, P.K.; Kumar, N. A novel automatic microcalcification detection technique using Tsallis entropy and a type II fuzzy index. Comput. Math. Appl. 2010, 60, 2426–2432. [Google Scholar] [CrossRef]

	



Diniz, P.R.B.; Murta, L.O.; Brum, D.G.; de Araujo, D.B.; Santos, A.C. Brain tissue segmentation using q-entropy in multiple sclerosis magnetic resonance images. Braz. Med. Biol. Res. 2010, 43, 77–84. [Google Scholar] [CrossRef]

	



Shi, W.L.; Li, Y.; Miao, Y.; Hu, Y. Research on the key technology of image guided surgery. Electr. Rev. 2012, 88, 29–33. [Google Scholar]

	



Al-Azawi, R.J.; Al-Saidi, N.M.G.; Jalab, H.A.; Kahtan, H.; Ibrahim, R.W. Efficient classification of COVID-19 CT scans by using q-transform model for feature extraction. PeerJ. Comput. Sci. 2021, 7, e553. [Google Scholar] [CrossRef]

	



Silva, I.; Moody, G.B.; Celi, L. Improving the quality of ECGs collected using mobile phones: The Physionet/Computing in Cardiology Challenge 2011. Comput. Cardiol. 2011, 273–276. [Google Scholar]

	



Rautaharju, P.M. Eyewitness to history: Landmarks in the development of computerized electrocardiography. J. Electrocardiol. 2016, 49, 1–6. [Google Scholar] [CrossRef] [PubMed]

	



Van der Bijl, K.; Elgendi, M.; Menon, C. Automatic ECG quality assessment techniques: A systematic review. Diagnostics 2022, 12, 2578. [Google Scholar] [CrossRef] [PubMed]

	



Stracina, T.; Ronzhina, M.; Redina, R.; Novakova, M. Golden standard or obsolete method? Review of ECG applications in clinical and experimental context. Front. Physiol. 2022, 13, 613. [Google Scholar] [CrossRef]

	



Siontis, K.C.; Noseworthy, P.A.; Attia, Z.I.; Friedman, P.A. Artificial intelligence-enhanced electrocardiography in cardiovascular disease management. Nat. Rev. Cardiol. 2021, 18, 465–478. [Google Scholar] [CrossRef]

	



Kanani, P.; Padole, M. ECG heartbeat arrhythmia classification using time-series augmented signals and deep learning approach. Procedia Comput. Sci. 2020, 171, 524–531. [Google Scholar] [CrossRef]

	



Rathi, R.; Yagnik, N.; Tiwari, S.; Sharma, C. Analysis of statistical models for fast time series ECG classifications. Eng. Lett. 2022, 30, 1–12. [Google Scholar]

	



Abdulghani, A.M.; Casson, A.J.; Rodriguez-Villegas, E. Compressive sensing scalp EEG signals: Implementations and practical performance. Med. Biol. Eng. Comput. 2012, 50, 1137–1145. [Google Scholar] [CrossRef]

	



Chávez, M.; Martinerie, J.; Le Van Quyen, M. Statistical assessment of nonlinear causality: Application to epileptic EEG signals. J. Neurosci. Methods 2003, 124, 113–128. [Google Scholar] [CrossRef]

	



Cook, M.J.; O’Brien, T.J.; Berkovic, S.M.; Murphy, M.; Morokoff, A.; Fabinyi, G.; D’Souza, W.; Yerra, R.; Archer, J.; Litewka, L.; et al. Prediction of seizure likelihood with a long-term, implanted seizure advisory system in patients with drug-resistant epilepsy: A first-in-man study. Lancet Neurol. 2013, 12, 563–571. [Google Scholar] [CrossRef]

	



Devarajan, K.; Jyostna, E.; Jayasri, K.; Balasampath, V. EEG-based epilepsy detection and prediction. Int. J. Eng. Technol. 2014, 6, 212. [Google Scholar] [CrossRef]

	



Aslam, M.H.; Usman, S.M.; Khalid, S.; Anwar, A.; Alroobaea, R.; Hussain, S.; Almotiri, J.; Ullah, S.S.; Yasin, A. Classification of EEG signals for prediction of epileptic seizures. Appl. Sci. 2022, 12, 7251. [Google Scholar] [CrossRef]

	



Gajic, D.; Djurovic, Z.; Di Gennaro, S.; Gustafsson, F. Classification of EEG signals for detection of epileptic seizures based on wavelets and statistical pattern recognition. Biomed. Eng. Appl. Basis Commun. 2014, 26, 1450021. [Google Scholar] [CrossRef]

	



Hernández, D.E.; Trujillo, L.; Flores, E.Z.; Villanueva, O.M.; Romo-Fewell, O. Detecting epilepsy in EEG signals using time, frequency and time-frequency domain features. In Computer Science and Engineering-Theory and Applications; Springer: Berlin/Heidelberg, Germany, 2018. [Google Scholar]

	



Coelho, V.N.; Coelho, I.M.; Coelho, B.N.; Souza, M.J.; Guimarães, F.G.; Luz, E.D.; Barbosa, A.C.; Coelho, M.N.; Netto, G.G.; Costa, R.C.; et al. EEG time series learning and classification using a hybrid forecasting model calibrated with GVNS. Electron. Notes Discret. Math. 2017, 58, 79–86. [Google Scholar] [CrossRef]

	



Zeger, S.L.; Irizarry, R.; Peng, R.D. On time series analysis of public health and biomedical data. Annu. Rev. Public Health 2006, 27, 57–79. [Google Scholar] [CrossRef] [PubMed]

	



Aydin, S. Time series analysis and some applications in medical research. J. Math. Stat. Stud. 2022, 3, 31–36. [Google Scholar] [CrossRef]

	



Bezerianos, A.; Tong, S.; Thakor, N. Time-dependent entropy estimation of EEG rhythm changes following brain ischemia. Ann. Biomed. Eng. 2003, 31, 221–232. [Google Scholar] [CrossRef]

	



Tong, S.; Zhu, Y.; Geocadin, R.G.; Hanley, D.; Thakor, N.V.; Bezerianos, A. Monitoring brain injury with Tsallis entropy. In Proceedings of the 23rd IEEE Engineering in Medicine and Biology Society Annual Conference, Instanbul, Turkey, 26–28 October 2001. [Google Scholar]

	



Bezerianos, A.; Tong, S.; Zhu, Y.; Thakor, N.V. Nonadditive information theory for the analyses of brain rythms. In Proceedings of the 23rd IEEE Engineering in Medicine and Biology Society Annual Conference, Instanbul, Turkey, 26–28 October 2001. [Google Scholar]

	



Thakor, N.V.; Paul, J.; Tong, S.; Zhu, Y.; Bezerianos, A. Entropy of brain rhythms: Normal versus injury EEG. In Proceedings of the 11th IEEE Signal Processing Workshop, Stockholm, Sweden, 8 August 2001; pp. 261–264. [Google Scholar]

	



Bezerianos, A.; Tong, S.; Paul, J.; Zhu, Y.; Thakor, N.V. Information measures of brain dynamics. In Proceedings of the 5th EURASIP Biennal International Workshop on Nonlinear Signal and Image Processing (NSP-01), Baltimore, MD, USA, 3–6 June 2001. [Google Scholar]

	



Cimponeriu, L.; Tong, S.; Bezerianos, A.; Thakor, N.V. Synchronization and information processing across the cerebral cortexfollowing cardiac arrest injury. In Proceedings of the 24th Engineering in Medicine & Biology Society Conference, San Antonio, TX, USA, 26–28 October 2002. [Google Scholar]

	



Tong, S.; Bezerianos, A.; Paul, J.; Zhu, Y.; Thakor, N. Nonextensive entropy measure of EEG following brain injury from cardiac arrest. Phys. A 2002, 305, 619–628. [Google Scholar] [CrossRef]

	



Tong, S.; Bezerianos, A.; Malhotra, A.; Zhu, Y.; Thakor, N. Parameterized entropy analysis of EEG following hypoxic-ischemic brain injury. Phys. Lett. A 2003, 314, 354–361. [Google Scholar] [CrossRef]

	



Geocadin, R.G.; Tong, S.; Bezerianos, A.; Smith, S.; Iwamoto, T.; Thakor, N.V.; Hanley, D.F. Approaching brain injury after cardiac arrest: From bench to bedside. In Proceedings of the Neuroengineering Workshop, Capri, Italy, 20–22 March 2003; pp. 277–280. [Google Scholar]

	



Thakor, N.; Tong, S. Advances in quantitative electroencephalogram analysis methods. Annu. Rev. Biomed. Eng. 2004, 6, 453. [Google Scholar] [CrossRef]

	



Gao, J.; Tung, W.W.; Cao, Y.; Hu, J.; Qi, Y. Power-law sensitivity to initial conditions in a time series with applications to epileptic seizure detection. Phys. A 2005, 353, 613. [Google Scholar] [CrossRef]

	



Plastino, A.; Rosso, O.A. Entropy and statistical complexity in brain activity. Europhys. News 2005, 36, 224. [Google Scholar] [CrossRef]

	



Cai, S.M.; Jiang, Z.H.; Zhou, T.; Zhou, P.L.; Yang, H.J.; Wang, B.H. Scale invariance of human electroencephalogram signals in sleep. Phys. Rev. E 2007, 76, 061903. [Google Scholar] [CrossRef] [PubMed]

	



Poza, J.; Hornero, R.; Escudero, J.; Fernandez, A.; Sanchez, C.I. Regional analysis of spontaneous MEG rhythms in patients with Alzheimer’s desease using spectral entropies. Ann. Biomed. Eng. 2008, 36, 141–152. [Google Scholar] [CrossRef] [PubMed]

	



Sotolongo-Grau, O.; Rodriguez-Perez, D.; Antoranz, J.C.; Sotolongo-Costa, O. Tissue Radiation Response with Maximum Tsallis Entropy. Phys. Rev. Lett. 2010, 105, 158105. [Google Scholar] [CrossRef]

	



Tsallis, C.; Tirnakli, U. Predicting COVID-19 peaks around the world. Front. Phys. 2020, 8, 217. [Google Scholar] [CrossRef]

	



Tirnakli, U.; Tsallis, C. Epidemiological model with anomalous kinetics–Early stages of the COVID-19 pandemic. Front. Phys. 2020, 8, 613168. [Google Scholar] [CrossRef]

	



Available online: https://www.worldometers.info/coronavirus/#countries (accessed on 21 March 2023).








[image: Entropy 25 00578 g001 550] 





Figure 1. Without q-entropy enhancement with   q ≠ 1  , detection of microcalcifications is limited: 80.21% Tps (true positives) with 8.1 Fps (false positives), whereas upon introduction of the q-entropy, the results surge to 96.55% Tps with 0.4 Fps. Detection results from the experiment: (a) mdb236, (b) output with the Mcs enhanced, (c) output with the Mcs extracted; (d) mdb216, (e) output with the Mcs enhanced, (f) output with the Mcs extracted. From [10]. 
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Figure 2. Image segmentation using Shannon (  q = 1  ) and q-entropy with   q ≠ 1  . From [11]. 
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Figure 3. Detailed images of bronchus, colon, and blood vessel. From [12]. 
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Figure 4. Sample scans from the dataset before and after enhancement showing infected lungs. (a) Original computer tomography scans, with red circles highlighting some regions where fibrosis can be seen; (b) enhanced computer tomography scans using   q = 0.5  . Further details can be seen in [13]. 
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Figure 5. The goal is to distinguish between signals with different probability distributions, and between EEG recordings for different physiological conditions. The optimal is achieved for   q ≃ 3  . Further details can be seen in [31]. 
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Figure 6. The goal is to detect the existence of three (artificially introduced) spikes which corrupt the raw EEG. Even small spikes become detectable after processing with   q ≥ 3  . Further details can be seen in [31]. 
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Figure 7. Electroencephalogram (including the contribution of muscular activity) during an epileptic crisis, which starts at 80 s, and ends at 155 s. By direct inspection of the EEG, it is virtually impossible to detect the (clinically dramatic) transition (at 125 s) between the tonic stage and the clonic stage of the patient. Further details can be seen in [42]. 
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Figure 8. (Top panel) After processing (of the EEG signal), which includes the use of the entropic functional   S q  , the precise location of the tonic–clonic transition becomes very visible. (Bottom panel) The effect is even more pronounced for values of q going below unity. Further details can be seen in [42]. 
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Figure 9. (Top panel) Survival fraction   F s   as a function of the rescaled radiation dose   ( 1 − D /  D 0  )   for different tissues: intestinal stem cells, Chinese hamster cells, human melanoma, human kidney cells, and cultured mammalian cells under different irradiation conditions. Various shapes represent tissues, whereas each color highlights different radiation conditions. Five solid lines represent fitting to experimental data. (Bottom panel) Collapsed survival fractions   F s   for different tissues with   γ ≡ ( 2 − q ) / ( 1 − q )  : intestinal stem cells   ( γ ≃ 30.5 )  , Chinese hamster cells   ( γ ≃ 14.0 )  , human melanoma   ( γ ≃ 14.0 )  , human kidney cells   ( γ ≃ 8.9 )  , and cultured mammalian cells   ( γ ≃ 8.9 )   under different irradiation conditions. Further details can be seen in [45]. 
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Figure 10. Comparison between the current linear-quadratic (LQ) BG-like exponential model best fit and the present q-exponential model fitted to   γ = 5.0 ± 0.04   and    D 0  =  ( 19.4 ± 0.4 )   G y   for the cell line CHO AA8 under 250 k-Vp x rays. Further details can be seen in [45]. 
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Figure 11. Pandemic evolution of COVID-19. Further details can be seen in [46]. 
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