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Non-Invasive Detection of Medication Adherence using a Digital Smart Necklace Haik Kalantarian, Nabil Alshurafa, Tuan Le, Majid Sarrafzadeh Wireless Health Institute, Department of Computer Science University of California, Los Angeles Email: {kalantarian, nabil, tuan, majid}@cs.ucla.edu Abstract—Studies have revealed that non-adherence to prescribed medication can lead to hospital readmissions, clinical complications, and a host of other negative patient outcomes. Though many techniques have been proposed to improve patient adherence rates, they suffer from clear drawbacks such as high complexity, user burden, and low accuracy. In this paper, we propose a two step system for detecting user adherence to medication. First, force-sensitive resistors are used to determine when the pill bottle has been opened. Subsequently, medication ingestion is detected using a smart necklace equipped with a piezoelectric sensor. Evaluations conﬁrm high accuracy of the proposed technique.
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I. M OTIVATION AND BACKGROUND Prior research has shown that non-adherence to prescribed medications can result in poor patient outcomes and inaccurate assessment of treatment effectiveness [1][2]. For example, non compliant schizophrenia patients are at signiﬁcantly higher risk for depression, arrest, and substance abuse [3]. In fact, poor adherence to medication can result in medical complications, hospital readmissions, and even death [4]. Many methods have been proposed to improve patient adherence rates including pill counts, self-reporting, interviews, and electronic tracking systems, but these methods suffer from several shortcomings ranging from high user burden, signiﬁcant complexity, and overestimation of adherence [5]. It has been claimed that even the most effective techniques have not led to signiﬁcant improvements in adherence, which necessitates further research in this area [2]. In this paper, we propose a novel two-step system for monitoring patient adherence. The ﬁrst step is detection that the medicine bottle has been opened, using a force-sensitive resistor. This information is coupled with the next step: detection of a pill swallow using a smart necklace, which includes a piezoelectric sensor resting in the lower trachea. The skin motion during the swallow of a medication has a unique pattern that can be used to conﬁrm that the medication has been ingested after the bottle is opened. Data from the necklace is acquired by sampling the piezoelectric sensor strip, which generates a voltage in response to the mechanical stress of deglutition (swallowing). Data acquired from the necklace is transmitted to an Android application for processing using the low-power Bluetooth LE protocol, where classiﬁcation algorithms are capable of distinguishing between swallowed medication and other types of swallows such as saliva and water. Though neither step in adherence detection is free of
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User Guidance Fig. 1. This ﬁgure shows the proposed system architecture. Pill swallows are identiﬁed using a wireless-enabled smart necklace coupled with a Bluetoothenabled smart pill bottle.



errors, the smart necklace provides an additional layer of information which can improve detection of noncompliance and provide real-time feedback via smart-phone. For example, a potential pill swallow is much more likely to be prescribed medicine if the swallow occurs moments after the bottle has been opened. Thus, the complete system is able to reduce the false positive rate of the necklace for many use cases. We evaluate adherence based on two different kinds of medicines and supplements: chewables, which are typically targeted towards children in the form of vitamins, asthma medication, Tylenol, and ADHD treatment, and capsules, which are more appropriate for adults. Various use cases
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are outlined in Figure 3. Our proposed system extends prior work at ensuring medication adherence; the ﬁgures in green represent those steps which cannot be detected by most smart pill boxes. The paper is organized as follows. In Section II, we provide a brief overview of related works, with a particular focus on electronic assessment techniques. In Section III, the hardware architecture of the proposed system is described. Section IV describes the algorithms used for detecting pill swallows and the bottle opening, while Section V describes the experimental procedures. Section VI and VII provide experimental results and concluding remarks. II. R ELATED W ORK Prior studies have shown that medication adherence, which can range from 0% to over 100%, is typically approximately 50%. Though many methods of improving adherence have been proposed, a recent survey by McDonald et al. has suggested that even the most effective interventions have failed to provide signiﬁcant improvements in adherence, though many have managed to make marginal improvements. The various methods fall under two primary categories: indirect and direct methods. Indirect methods include self-reporting, interviews, pill counting, and computerized compliance monitors. Within this category, pill counts and self-reports have shown signiﬁcant overestimation in user compliance. Direct methods include biological markers, assessment of body ﬂuids, and tracer compounds [6]. Since direct methods feature very high user burden, we primarily focus our discussion on indirect methods. Several smartphone apps such as MyMedSchedule, MyMeds, and RxmindMe, provide advanced functionality for medication reminders. These applications issue reminders, allow users to manually enter their dosage information, and record when they have taken their medication. However, these applications are generally untested, and can not verify compliance without user involvement [7]. In [8], Sterns et al. mounted a pill bottle onto a personal digital assistant running the RxmindMe software, and successfully trained elderly subjects with an average age of 72 to operate the software used to monitor adherence. This work suggests that users from a variety of age groups and backgrounds have the ability and motivation to use electronic monitoring devices if given adequate training. Other works propose cell phone reminders and in-home technology to transmit reminder messages, but results are mixed [4]. The ”smart blister” has been proposed as a semi-automated, indirect method of assessing adherence. When empty blister cards are returned to the pharmacy, information is scanned and downloaded. This work is a step in the right direction, but the substantial error and lack of real-time features necessitate additional reﬁnements [9]. The work described in [5] describes a portable, wireless-enabled pillbox suitable for elderly and those suffering from dementia. Similar approaches for electronic detection and smart pill boxes have also been proposed [10][11][12]. These devices generally suffer from the
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Fig. 2. This ﬁgure shows how an ordinary pill bottle is modiﬁed with sensors, which allow the system to detect when medication is removed.
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Fig. 3. Different use cases that the system should identify when it is time for a patient to take his or her medication. The capabilities of existing systems are shown in green, while blue includes features unique to our system.



same shortcoming: they cannot determine if the medication is ingested or simply removed and discarded [13][14][15]. One notable exception is the recently unveiled plastic sleeve from AMIKO [16], which ﬁts on several standard types of medicine containers and reports if medication has been removed from the bottle using MEMS sensors such accelerometers and gyroscopes. They are also capable of tracking if an inhaler is used, aggregating results on a mobile application. In another work, Valin et al. successfully identiﬁed medication adherence using a series of images and associated image processing algorithms [17]. To the best of our knowledge, no other ingestion-monitoring device has been proposed for medical adherence purposes, but several other digital systems have been developed for evaluation of swallow disorders and monitoring eating habits [18][19][20][21]. Another smart bottle that has entered the market is the Vitality Glowcap[22]. This smart device can detect when pills are removed, reports information to caregivers, and can request prescription reﬁlls with the push of a button.
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III. H ARDWARE A RCHITECTURE The system architecture is shown in Figure 3. Movement from the smart pill bottle is combined with swallow detection to detect ingestion of medication, which is then reported to a SmartPhone app with cloud integration. In this section, we describe the hardware components of our system.
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Fig. 4. This ﬁgure shows the necklace used to detect pill swallows. A piezolectric sensor is sampled by an RF-enabled microcontroller unit, which is powered by a lithium-polymer battery.
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The smart necklace, shown at the top of Figure 4, is used to detect when pills are swallowed. It is based on a small piezoelectric sensor, also known as a vibration sensor, which generates a voltage in response to the mechanical stress caused by skin motion during a swallow event. The piezoelectric strip is fastened such that it is contact with the skin of the lower-neck, but not too tight as to restrict motion. The voltage from the piezoelectric sensor is sampled at a rate of 20Hz by the small Bluetooth LE enabled microcontroller board, and transmitted to a mobile phone for processing. The mobile application uses several algorithms to classify the incoming data into broad categories: saliva swallow, medication swallow, chewable-vitamin swallows, and neither. The piezoelectric sensor used is the LDT0-028K, which consists of a 28 μm PDVDF polymer ﬁlm laminated to a 0.125 mm substrate, which produces voltages within standard CMOS input voltage ranges when deﬂected directly. The necklace can operate under conditions ranging from 0 to 85 degrees, Celsius. The LDT0 is available with added masses at the tip, which reduce the resonant frequency but can greatly increase the sensitivity of the device. In the conﬁguration without an added mass at the tip, the baseline sensitivity is approximately 50 mV/g, with sensitivity at resonance of 1.4 V/g [23]. The simple modiﬁcation described in this section can be used to convert any standard pill bottle into a smart bottle at low-cost. The bottle, shown in Figure 2, is mounted on top of a ﬂat force-sensitive resistor. Force-sensitive resistors, commonly used in pressure sensing applications, vary their resistance in response to external forces. This principle enables our system to detect the act of opening the bottle. Typically, the bottle will be opened either by placing the bottom against a hard surface and applying downward pressure while twisting the cap, or by picking the bottle up, opening it, and placing it back down on the surface. Figure 2 shows two different locations at which the force sensitive resistor could be placed, in order to detect when the bottle has been opened. In our implementation, the resistor was placed at the bottom of the bottle, but it is also possible to place it on the side of the bottle to detect grip. Note in Figure 2 that the terminals of the resistor are connected to the inputs of a small, RF enabled microcontroller unit which transmits data via Bluetooth to a smartphone application. Because the necklace’s swallow detection is not always precise due to signal noise caused by upper-body motion, the addition of force-sensitive resistors to the bottle add an extra layer of information to improve the assessment of medication adherence. Furthermore, the majority of existing technologies which detect when the bottle is opened often cannot detect
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Time (Seconds) Fig. 5. Figure A shows how the bottle cap being opened and closed without being lifted off the ground is detected, based on downward pressure. The red waveform is a processed version, using a moving average ﬁlter. Figure B shows a waveform corresponding with the bottle being picked up and placed back down four times, without pauses in between.



if medication is removed. This technology is intended to supplement, rather than replace, such systems. IV. A LGORITHM D ESIGN A. Bottle Movement Figure 1 shows the algorithm used to detect when the bottle has been picked up and put down, which can suggest, but not guarantee, that medication has been taken. In this algorithm, the variable ”count” represents the total number of times the bottle has been interacted with, which in effect is a peak
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detection count. The term ’jump’ refers to a system-speciﬁc debouncing mechanism that corresponded with ten seconds in our evaluation. The characteristic waveform corresponding with this activity is shown in Figure 5. Note that pressure applied to the bottom of the bottle causes a spike in voltage. The same algorithm can be used to detect when the bottle is gripped by the hand, and released. The data is ﬁrst smoothed, and the average value is calculated for each window. Subsequently, the peaks caused by the voltage ﬂuctuations can be detected using a thresholding technique. The WindowSize used was 21 samples, corresponding to slightly over one second of data, though the various parameters of this relatively simple algorithm must be modiﬁed based on the exact materials used and bottle dimensions.



Time



Fig. 6. The time domain waveforms for vibration sensor data corresponding with several actions is shown above: water sips, saliva swallows, capsule swallows, and chewable vitamin chews and swallows. Each action has clearly distinguishable features which are used for classiﬁcation.



Algorithm 1: Bottle Detection Algorithm LowPassFilter(Data) for i = 1:WindowSize:Size(Data) do avg = AverageValue(Data[i]:Data[i+Window]); for j = i:i+WindowSize do diff = abs(avg - Data[i]) if diff < threshold then Count++ j = j + jump
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The time-domain waveforms acquired by the piezoelectric sensor, which are transmitted to the mobile application for processing, are shown in Figure 6. Clearly, different actions such as water sips and chewable vitamin intake can be distinguished visually. The time domain waveforms show not only the swallows, represented clearly by a peak or a dip in the waveform, but also show chewing in the form of low-frequency noise. Useful features that can be extracted from the time domain waveforms include standard deviation, maximum value, and detection of multiple swallows within a time frame. Additional features can be extracted by producing a spectrogram, which is essentially a heat map showing time on one axis and frequency on the other. Each coordinate from the two-dimensional plane has a value corresponding with the magnitude of the frequency component at that time. Spectrograms can clearly show changes in the frequency spectrum over time for different food types, which are useful features for classiﬁcation and detection. The spectrograms for several actions can be seen in Figure 7. Visually, the differences are quite pronounced; chewable vitamin ingestion patterns have a relatively uniform frequency distribution over
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Fig. 7. The spectrograms for various events reveal characteristics which can be used to distinguish them. For example, the chewing involved in the ingestion of a chewable vitamin produces a broad range of frequencies, as shown in ﬁgure E. The distinguishing features between capsule swallows and saliva swallows appear to be the magnitude of the high frequency components.
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an extended period of time, followed by a pause right before the swallow at the end of the time sample. Otherwise, capsule swallow spectrograms show a brief period of high frequency components (between 6 and 10 Hz) lasting approximately .2 seconds centered around the swallow, followed by primarily lower frequencies between 0 and 5Hz between swallows. For each one-second swallow window, the time axis was divided into 7 bins, and the frequency axis was divided into 17 bins. A Hamming window was used of length w = 32, and an FFT length of nfft = 32 was used with 50% overlap. The features extracted in both time and frequency domain are shown in Table I. These features were selected based on the Correlation-based feature subset selection algorithm described in [24]. This algorithm considers both the predictive ability of features as well as redundancy between them to produce the best results. C. Sensor Fusion When the necklace software detects a swallow and classiﬁes it as a pill, the probability that this classiﬁcation is correct is generally a function of the precision of the classiﬁer. However, the precision reported by the classiﬁer does not take into consideration the relative likelihoods of the different events taking place. The probability that a pill has been ingested, p when the classiﬁer reports a pill swallow, pˆ can be determined using Bayes theorem. Pr (p | p ˆ ) = Pr (ˆ p | p) ·



P r(p) P r(p) = Recall(p) · P r(ˆ p) P r(ˆ p)



P r(p) ˆ) P r(b ∧ p



=



P r(p) ˆ) P r(b ∧ p
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Lastly, we make some simplifying assumptions. First, we deﬁne fp and fb as the frequency of pill swallows and bottle openings. Then, we assume that the majority of false positives for medication adherence come from saliva swallows, as prior research [25] has conﬁrmed. This is due to their high frequency, as well as their resemblance to the characteristics of pill swallows. Therefore, the ﬁnal equation is: fp · Recall(p) fb · prc(p) + fslv · (1 − prc)



Saliva 0 29 2 0 1 90.62%



Predicted Cap Speak 4 0 0 0 27 0 0 28 0 0 87.09% 100%



Water 2 1 0 2 27 84.35%



Recall 80% 96.6% 90% 93.3% 90.0%



V. E XPERIMENTAL P ROCEDURE Each subject was instructed to swallow ten empty gel capsules and chewable vitamins over the course of several days. An internal dataset of 25 subjects was used for data corresponding with saliva swallows and water sips to establish a baseline, while additional data collection from ﬁve subjects were obtained for the chewable vitamins and gel capsules. Swallows were annotated using a button on the associated Android mobile application, which modiﬁed the log ﬁles accordingly. The subjects were instructed to take a small sip of water with the gel capsules, and to pause for a few seconds before proceeding to the next capsule. The chewable vitamins were taken one at a time without water. The pill bottles with the force-sensitive resistors were picked up and placed back down on a surface approximately 80 times by three subjects. The bottles were also opened and closed by these subjects for a total of 60 times with pauses of random intervals between. VI. E XPERIMENTAL R ESULTS Using the algorithm described prior, the signal processing peak-detection algorithm was able to identify when the bottle was picked up and placed back down with an accuracy of 98%, with no false positives and one false negative. The technique in which the bottle cap was opened while the bottle rested on a solid surface provided lower accuracy, with a detection rate of 90%, no false positives, and 10% false negatives. B. Swallow Detection
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This can be approximated as the following: ˆ ) = Recall(p) · Pr (p | b ∧ p
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ˆ in which b is Alternatively, the probability p given b and p, the event in which the bottle is opened, is shown below. Note ˆ is deﬁned as the probability of detecting a that Pr(b and p) pill swallow some time ΔT after the bottle is opened. ˆ ) = Pr (b ∧ p ˆ | p) Pr (p | b ∧ p



TABLE II C ONFUSION MATRIX FOR CLASSIFICATION RESULTS .
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Five activities were classiﬁed using data acquired from the smart necklace. These categories as well as the classiﬁcation results are shown in Table II. These results were achieved with the BayesNets classiﬁer, which provided the strongest results. A total of 150 instances were classiﬁed. These results indicate that gel capsule swallows can be reliably and consistently distinguished from saliva swallows and water sips. Given the thirty capsule swallows, 27 were classiﬁed correctly. Of the remaining three, two were misclassiﬁed as saliva swallows, and one as a chewable vitamin. C. Sensor Fusion Results Based on Equation 1, we evaluate the probability p given ˆ The recall experimentally has been determined to be app. proximately 90.0%. We assume that the average subject takes two medications per day (a frequency fp of 2.3e −5 swallows
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/ second). Prior research in [25] has shown that the average adult will swallow approximately 590 times during the course of a full day. Based on [25], swallows saliva at a rate of 1.0e−2 times per second which we deﬁne as fslv . Therefore, equation 1 show that the probability p given pˆ is 2.3%. Though this equation makes several simplifying assumptions, the results nevertheless suggest that a reported medication swallow is largely meaningless when taken independently, because so few pills are consumed during the course of a day compared to saliva swallows. To evaluate the efﬁcacy of the pill bottle, we must make some assumptions about when and how individuals take pills, since no data collected in real-world environments is available. For demonstration, we assume that medication is taken within 30 seconds of opening the bottle. Using Equation 4, we have ˆ ) = .90 · Pr (p | b ∧ p



2 = 96% 2 · prc + 1 · (1 − prc)



This conﬁrms that bottle timing is a critical supplement to the smart necklace in estimating adherence. VII. C ONCLUSION Patient adherence is critical to the successful treatment of many diseases. In this paper, we propose and evaluate a twostep system for detecting when a pill bottle is opened, and when a pill is consumed. These two mechanisms coupled with the mobile application can passively monitor adherence and inform caregivers of patient status. Results conﬁrm that medications can be identiﬁed using the smart necklace, and are clearly distinguishable from saliva swallows and water sips. R EFERENCES [1] H. P. McDonald, A. X. Garg, and R. B. Haynes, “Interventions to enhance patient adherence to medication prescriptions: scientiﬁc review,” Jama, vol. 288, no. 22, pp. 2868–2879, 2002. [2] R. Brian Haynes, K. Ann McKibbon, and R. Kanani, “Systematic review of randomised trials of interventions to assist patients to follow prescriptions for medications,” The Lancet, vol. 348, no. 9024, pp. 383– 386, 1996. [3] H. Ascher-Svanum, D. E. Faries, B. Zhu, F. R. Ernst, M. S. Swartz, and J. W. Swanson, “Medication adherence and long-term functional outcomes in the treatment of schizophrenia in usual care.” The Journal of clinical psychiatry, vol. 67, no. 3, pp. 453–460, 2006. [4] B. B. Granger and H. Bosworth, “Medication adherence: emerging use of technology,” Current Opinion in Cardiology, vol. 26, no. 4, p. 279, 2011. [5] T. L. Hayes, J. M. Hunt, A. Adami, and J. A. Kaye, “An electronic pillbox for continuous monitoring of medication adherence,” in Engineering in Medicine and Biology Society, 2006. 28th Annual International Conference of the IEEE. IEEE, 2006, pp. 6400–6403. [6] W. Bond and D. Hussar, “Detection methods and strategies for improving medication compliance,” American Journal of Health-System Pharmacy, vol. 48, no. 9, pp. 1978–1988, 1991. [7] L. Dayer, S. Heldenbrand, P. Anderson, P. O. Gubbins, and B. C. Martin, “Smartphone medication adherence apps: Potential beneﬁts to patients and providers.” Journal of the American Pharmacists Association, vol. 53, no. 2, 2013. [8] A. Sterns and C. Mayhorn, “Persuasive pillboxes: Improving medication adherence with personal digital assistants,” in Persuasive Technology, ser. Lecture Notes in Computer Science, W. IJsselsteijn, Y. de Kort, C. Midden, B. Eggen, and E. van den Hoven, Eds. Springer Berlin Heidelberg, 2006, vol. 3962, pp. 195–198. [Online]. Available: http://dx.doi.org/10.1007/1175549429



[9] H. A. van Onzenoort, C. Neef, W. J. Verberk, H. P. van Iperen, P. W. de Leeuw, and P.-H. M. van der Kuy, “Objective adherence measurement with a smart blister,” Treatment Adherence in Hypertension, p. 111, 2012. [10] G. Vonk, R. Rumbaugh, and C. Ryan, “Medication adherence system,” 2013, uS Patent 8417381. [11] J. Y. Lee, J. W. Kusek, P. G. Greene, S. Bernhard, K. Norris, D. Smith, B. Wilkening, and J. T. Wright, “Assessing medication adherence by pill count and electronic monitoring in the african american study of kidney disease and hypertension (aask) pilot study,” American Journal of Hypertension, vol. 9, no. 8, pp. 719–725, 1996. [12] J.-M. Mallion, J.-P. Baguet, J.-P. Siche, F. Tremel, R. De Gaudemaris et al., “Compliance, electronic monitoring and antihypertensive drugs.” Journal of hypertension. Supplement: Ofﬁcial Journal of the International Society of Hypertension, vol. 16, no. 1, pp. S75–9, 1998. [13] C. A. Bova, K. P. Fennie, G. J. Knaﬂ, K. D. Dieckhaus, E. Watrous, and A. B. Williams, “Use of electronic monitoring devices to measure antiretroviral adherence: practical considerations,” AIDS and Behavior, vol. 9, no. 1, pp. 103–110, 2005. [14] D. Guerrero, P. Rudd, C. Bryant-Kosling, and B. F. Middleton, “Antihypertensive medication-taking investigation of a simple regimen,” American Journal of hypertension, vol. 6, no. 7 Pt 1, pp. 586–592, 1993. [15] R. H. Friedman, L. E. Kazis, A. Jette, M. B. Smith, J. Stollerman, J. Torgerson, and K. Carey, “A telecommunications system for monitoring and counseling patients with hypertension: impact on medication adherence and blood pressure control,” American Journal of Hypertension, vol. 9, no. 4, pp. 285–292, 1996. [16] (2014) Amiko - medication management made easy. [Online]. Available: https://www.indiegogo.com/projects/amiko-medicationmanagement-made-easy [17] M. Valin, J. Meunier, A. St-Arnaud, and J. Rousseau, “Video surveillance of medication intake,” in Engineering in Medicine and Biology Society, 2006. EMBS ’06. 28th Annual International Conference of the IEEE, Aug 2006, pp. 6396–6399. [18] O. Amft, M. Kusserow, and G. Troster, “Bite weight prediction from acoustic recognition of chewing.” IEEE Trans. Biomed. Engineering, vol. 56, no. 6, pp. 1663–1672, 2009. [Online]. Available: http://dblp.unitrier.de/db/journals/tbe/tbe56.html [19] H. Tsujimura, H. Okazaki, M. Yamashita, H. Doi, and M. Matsumura, “Non-Restrictive Measurement of Swallowing Frequency Using a Throat Microphone,” IEEJ Transactions on Electronics, Information and Systems, vol. 130, pp. 376–382, 2010. [20] E. S. Sazonov, O. Makeyev, S. Schuckers, P. Lopez-Meyer, E. L. Melanson, and M. R. Neuman, “Automatic detection of swallowing events by acoustical means for applications of monitoring of ingestive behavior,” IEEE Trans Biomed Eng, vol. 57, no. 3, pp. 626–633, Mar 2010. [21] A. Toyosato, S. Nomura, A. Igarashi, N. Ii, and A. Nomura, “A relation between the piezoelectric pulse transducer waveforms and food bolus passage during pharyngeal phase of swallow,” Prosthodontic Research and Practice, vol. 6, no. 4, pp. 272–275, 2007. [22] (2014) Vitality glowcap. [Online]. Available: http://www.vitality.net/ [23] (2014) Ldt with crimps vibration sensor/switch. [Online]. Available: http://dlnmh9ip6v2uc.cloudfront.net/datasheets/Sensors/ForceFlex [24] M. A. Hall, “Correlation-based feature subset selection for machine learning,” Ph.D. dissertation, University of Waikato, Hamilton, New Zealand, 1998. [25] C. Lear, J. F. Jr., and C. Moorrees, “The frequency of deglutition in man,” Archives of Oral Biology, vol. 10, no. 1, pp. 83 – IN15, 1965. [Online]. Available: http://www.sciencedirect.com/science/article/pii/0003996965900609



355



























[image: Medication Adherence Project Toolkit_NY.pdf]
Medication Adherence Project Toolkit_NY.pdf












[image: Medication Adherence Project Toolkit_NY.pdf]
Medication Adherence Project Toolkit_NY.pdf












[image: THE DETERMINANTS OF PATIENT ADHERENCE ...]
THE DETERMINANTS OF PATIENT ADHERENCE ...












[image: Automated Detection of Engagement using Video-Based Estimation of ...]
Automated Detection of Engagement using Video-Based Estimation of ...












[image: Automated Detection of Engagement using Video-Based Estimation of ...]
Automated Detection of Engagement using Video-Based Estimation of ...












[image: Prescribed Medication Requested Medication ... -]
Prescribed Medication Requested Medication ... -












[image: Medication Agreement]
Medication Agreement












[image: Credit Card Fraud Detection Using Neural Network]
Credit Card Fraud Detection Using Neural Network












[image: detection of urban zones in satellite images using ...]
detection of urban zones in satellite images using ...












[image: A study of OFDM signal detection using ... - Semantic Scholar]
A study of OFDM signal detection using ... - Semantic Scholar












[image: Fast Pedestrian Detection Using a Cascade of Boosted ...]
Fast Pedestrian Detection Using a Cascade of Boosted ...












[image: Detection of Local-Moment Formation Using the ...]
Detection of Local-Moment Formation Using the ...












[image: Fire Detection Using Image Processing - IJRIT]
Fire Detection Using Image Processing - IJRIT












[image: unsupervised change detection using ransac]
unsupervised change detection using ransac












[image: Protein Word Detection using Text Segmentation Techniques]
Protein Word Detection using Text Segmentation Techniques












[image: Fire Detection Using Image Processing - IJRIT]
Fire Detection Using Image Processing - IJRIT












[image: Masquerade Detection Using IA Network]
Masquerade Detection Using IA Network












[image: Detection of Malicious Web Pages Using System Calls Sequences ...]
Detection of Malicious Web Pages Using System Calls Sequences ...















Non-Invasive Detection of Medication Adherence using ...






water. Though neither step in adherence detection is free of. Pill Bottle ... Frequency Domain ... can range from 0% to over 100%, is typically approximately. 50%. 






 Download PDF 



















 874KB Sizes
 1 Downloads
 289 Views








 Report























Recommend Documents







[image: alt]





Medication Adherence Project Toolkit_NY.pdf 

Page 3 of 61. Page 3 of 61. Medication Adherence Project Toolkit_NY.pdf. Medication Adherence Project Toolkit_NY.pdf. Open. Extract. Open with. Sign In.














[image: alt]





Medication Adherence Project Toolkit_NY.pdf 

Physician, UNITE-HERE Health Center. New York City Department of Health and Mental Hygiene's Public Health Detailing Program. Staff of UNITE-HERE ...














[image: alt]





THE DETERMINANTS OF PATIENT ADHERENCE ... 

management. Sergei Koulayev. Keystone Strategy. Cambridge MA [email protected]. Niels Skipper. Department of Economics and Business .... systems. Denmark has universal and tax financed health insurance run by the government. All individuals r














[image: alt]





Automated Detection of Engagement using Video-Based Estimation of ... 

Abstractâ€”We explored how computer vision techniques can be used to detect ... supervised learning for detection of concurrent and retrospective self-reported engagement. ...... [49] P. Ekman and W. V. Friesen, Facial Action Coding System: A ... [On














[image: alt]





Automated Detection of Engagement using Video-Based Estimation of ... 

Abstractâ€”We explored how computer vision techniques can be used to detect engagement while ... supervised learning for detection of concurrent and retrospective self-reported engagement. ...... [Online]. Available: http://msdn.microsoft.com/en-us/l














[image: alt]





Prescribed Medication Requested Medication ... - 

Element. Data. Medication Name. Procardia XL 30 MG Oral Tablet. Directions ... Address Line 1. 10105 Trailblazer Ct. Address Line 2. City. Portland. State. OR.














[image: alt]





Medication Agreement 

I release Jefferson County School District staff from all liability for any injury caused by the administration of the medication in compliance with medication label.














[image: alt]





Credit Card Fraud Detection Using Neural Network 

some of the techniques used for creating false and counterfeit cards. ..... The illustration merges ... Neural network is a latest technique that is being used in.














[image: alt]





detection of urban zones in satellite images using ... 

Keywords - Classification, object detection, remote sensing, ..... ural scene categories,â€� IEEE Computer Society Conference on Computer. Vision and Pattern ...














[image: alt]





A study of OFDM signal detection using ... - Semantic Scholar 

use signatures intentionally embedded in the SS sig- ..... embed signature on them. This method is ..... structure, channel coding and modulation for digital ter-.














[image: alt]





Fast Pedestrian Detection Using a Cascade of Boosted ... 

on pedestrian detection using state-of-the-art locally extracted fea- tures (e.g. ... meaningful features if there is a large variation in object's ap- pearance .... The final strong classifier can be .... simple nonpedestrian patterns in the early s














[image: alt]





Detection of Local-Moment Formation Using the ... 

Mar 4, 2004 - system for the detection of local magnetic-moment formation. DOI: 10.1103/PhysRevLett. .... The Fourier transformed equations of motion for the.














[image: alt]





Fire Detection Using Image Processing - IJRIT 

These techniques can be used to reduce false alarms along with fire detection methods . ... Fire detection system sensors are used to detect occurrence of fire and to make ... A fire is an image can be described by using its color properties.














[image: alt]





unsupervised change detection using ransac 

the noise pattern, illumination, and mis-registration error should not be identified ... Fitting data to predefined model is a classical problem with solutions like least ...














[image: alt]





Protein Word Detection using Text Segmentation Techniques 

Aug 4, 2017 - They call the short consequent sequences (SCS) present in ..... In Proceedings of the Joint Conference of the 47th ... ACM SIGMOBILE Mobile.














[image: alt]





Fire Detection Using Image Processing - IJRIT 

Keywords: Fire detection, Video processing, Edge detection, Color detection, Gray cycle pixel, Fire pixel spreading. 1. Introduction. Fire detection system sensors ...














[image: alt]





Masquerade Detection Using IA Network 

lenge to the computer security, where an illegitimate entity poses as (and assumes the identity of) a legitimate entity. The illegitimate user, called masquerader ...














[image: alt]





Detection of Malicious Web Pages Using System Calls Sequences ... 

In this paper we propose to use system calls to detect malicious JavaScript. ... In: Proceedings of the 2nd USENIX Conference on Web Application Development, p. 11. ... Roy, C.K., Cordy, J.R.: A survey on software clone detection research.


























×
Report Non-Invasive Detection of Medication Adherence using ...





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















