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Type 1 diabetes (T1D) is an incurable disease that affects 1. 25 million Americans. Diabetic patients typically rely on subcutaneous insulin infusions to regulate their glucose levels. A major contributor to their blood glucose levels is the amount of sugar intake, which cannot be easily tracked. While ultrasound imaging has been used to investigate the relationship between food characteristics and tongue movement, the technique utilized a bulky transducer array that cannot be translated into daily monitoring. Capitalizing on advanced electronics and data processing technologies, we developed a portable system that utilizes only a single ceramic disk to quantify the tongue movement in response to various levels of sweetness. After acquiring 32 subject datasets, we found a significant correlation between food sweetness and tongue movement. Our system can potentially be miniaturized into a wearable device for monitoring sugar intake, which will ultimately help T1D patients to better monitor and control their blood glucose levels and balance their diets accordingly.

Keywords: ultrasound system, food sweetness, tongue movements, wearable sensor, portable device


INTRODUCTION

Type 1 diabetes (T1D) is an autoimmune disease that currently has no cure [1]. People with T1D typically rely on insulin pump therapy (subcutaneous insulin infusion) to control their blood glucose level. Before each meal, T1D patients are recommended to conduct a pre-bolus insulin injection, the amount of which is determined by the projected carbohydrates intake and the personal insulin-to-carb ratio. The pre-bolus approach can effectively avoid a sudden increase in blood glucose level after a meal [2]. However, because it is difficult to quantify the number of carbohydrates in the food, there are uncertainties resulting from this approach. If the dose of injected insulin is largely different from the actual need, the patient may be at risk of hyperglycemia or hypoglycemia. Therefore, there is an unmet clinical need for a portable device that can continuously monitor sugar intake.

The physical and chemical compositions determine the flavor of the food [3, 4], which is also reflected in the chewing behavior. In addition, the biomechanical properties determine the duration and the amount of oral processing before swallowing. For example, solid food is mixed with saliva and fragmented by teeth to form soft, coherent clumps [5]. Low viscosity liquids can be swallowed with minimal processing. But intense flavors, acidic, or icy liquids will remain in the mouth for a longer period of time to increase the pH of the buffer in the saliva and to equilibrate the product to body temperature for further dilution with saliva. Generally, after the start of oral processing, the swallowing process is divided into three-phase, oral transit phase, swallow phase, and clearance phase. Previous experimental results show that during oral transit time, there was a relatively significant movement of the tongue and food characteristics and tongue movement features are closely related [6–8]. Therefore, the texture and flavor of the food may both influence people's chewing behavior. In this research, we will focus on the same food consistency and investigate how different levels of sweetness affect oral processing.

Ultrasonic imaging is a powerful technique used to quantify oral processing [1]. This technique was demonstrated by de Wijk et al. [9] using a linear transducer array, which contained a row of piezoelectric crystals. The ultrasonic probe was placed under the subject's chin to receive the sagittal-view image of the tongue. The ultrasound probe can generate a video of tongue images through internal computer analysis. By processing temporal B-scan images, with the tongue as the region of interest, the magnitude of tongue movements can be quantified [10]. René's research investigated the taste attributes, specifically sweetness and bitterness [9]. However, this technique can be relatively bulky because a transducer array is required to capture the B-scan image.

To address this issue, we replaced the transducer array with a single ceramic disk and developed an algorithm to quantify the tongue movement based on A-line ultrasound data, which is also widely used in the medical field [11]. In terms of data acquisition, we used a smartphone-based recording system that is portable and more energy-efficient than the transducer arrays used in the previous study [12]. Our study indicates that there is a correlation between the tongue movement and food sweetness, and our design could potentially be translated into a wearable device for daily monitoring of sugar intake.



MATERIALS

Figure 1 shows a schematic drawing of our system. A 4.25 MHz ceramic disk with a diameter of 7 mm and thickness of 0.5 mm (Steminc) was used for ultrasound transmission and receiving. Ultrasound pulses were provided by an ultrasound pulse-receiver (Panasonic, Model 5070PR), which outputs 50 ns pulses at 100 Hz (repetition rate). Before the experiment, we applied ultrasound gel to the ceramic disk. We then attached it under the chin of the subject (about two fingers away from the tip of the chin) using adhesive tape. Since we used a planar transducer element with 7 mm diameter field of view, a slight shift in the transducer placement will not impact the result. The reflected ultrasound echo signal was detected by a portable oscilloscope (SmartScope) with a sampling frequency of 50 MHz. For each A-line, we acquired 2,048 points, which corresponds to 40 μs of data acquisition time. This time period corresponds to a 6 cm travel distance in tissue and is sufficient for the collection of reflected signals from the tongue. The SmartScope was connected to the smartphone through a USB cable and all acquisition parameters were controlled from the smartphone app. The received signals were displayed in real-time on the smartphone and saved in its memory for future analysis.


[image: Figure 1]
FIGURE 1. A schematic drawing of the experimental set-up.


For phantom experiments, we placed the ceramic transducer inside a 10-mm-wide water tank. A metal plate was placed at the other side of the tank to serve as an acoustic reflector. The echo arrival time reveals the distance between the transducer and the metal plate. To simulate the tongue motion, we used a voice-coil motor to move the reflector at different amplitudes and frequencies. The phantom experimental results will be used to verify whether our data processing method can reflect different motion states (vibration amplitudes and frequencies).

For human trials, our subjects' ages range between 19 and 30 years old, and the ratio of male to female was about 1:1. Based on visual assessment, all subjects are within the healthy body mass index (BMI) range (20–25). All experiments were conducted at room temperature (25°C). During the experiment, the ceramic transducer was placed under the chin, while the surface of the tongue acted as the reflector. To test the relationship between food sweetness and tongue movement, food with three different sweetness levels (high, middle, and low) were prepared based on a mixture of 300 ml skim milk and 15 g gelatin (Kraft Heinz Foods Company). Low-sweetness samples were prepared without sweetener, middle-sweetness samples were prepared by adding 10 g of sweetener (Truvia, Cargill, Inc.), and high-sweetness samples were prepared by adding 20 g of sweetener. Samples were then distributed into an ice cube maker (5 g/cube) and solidified in a freezer for 4 h. After solidification, the samples sat at room temperature for 20 min before the experiment [9]. To avoid influence from food attribute, each sample cube is identical in size, hardness, and smell. The subjects were given the samples (around 15 × 15 × 15 mm), and the process of chewing in the bulk phase was recorded for 7 s using the SmartScope. Recording started immediately at the beginning of chewing and ended 7 s later. This period covered the bulk phase (the first 5 s of oral processing), where oral movement is highly correlated with food characteristics [9]. During the experiment, the subjects were told to avoid speaking. No special instructions regarding oral movement and swallowing were provided. To avoid any interference between the contiguous measurements, subjects were asked to rinse their mouths with water before and after each experiment and between each trial. The procedure was repeated two times for each subject. Three food samples at three different sweetness levels were tested twice for each subject, generating 192 datasets (3 sweetness level × 2 tests × 32 subjects). These datasets will be processed and compared with the different sweetness levels of the food sample to evaluate their correlation.



DATA PROCESSING METHODS

Figure 2 shows an acoustic A-line acquired in the phantom experiment. The oscillation at time zero corresponds to acoustic firing. The reflected echo signal is shown at around 25 μs, which corresponds to the total travel time for the acoustic pulse. As we moved the reflector closer to the transducer, the peak (red) also shifted to the left accordingly. This result clearly indicates that the movement of the flat reflector can be precisely monitored by pulse-echo ultrasound. The same principle was used to capture tongue movement.


[image: Figure 2]
FIGURE 2. Pulse-echo ultrasound signal acquired in the phantom experiment. The blue plot represents the original echo signal, while the red one represents signals acquired after the flat reflector was placed closer to the transducer.


To quantify the movement of the reflector, we developed two algorithms: one was based on cross-correlation (CC), while the other was based on standard deviation (STD). The CC method has been widely used to quantify the shift between two plots by computing their cross-correlation coefficient [9]. In our case, each A-line signal records the instantaneous position of the tongue. The magnitude and frequency of the reflector movement can be calculated by cross-correlating the two neighboring A-lines [7]. If there was no movement, the correlation coefficient would be 1.00. Otherwise, the correlation coefficient would be <1.00. The larger the movement, the smaller the correlation coefficient. However, breathing and heartbeat can cause slight fluctuations, which can influence the result of the correlation coefficient method. The STD approach may address this issue because it represents the volatility of tongue movements. STD focuses on the signal fluctuation within a specific window in the A-line (oral processing). The intense tongue movement creates a larger signal fluctuation, leading to a higher variation. Movements caused by respiration or heartbeat are much milder than that of the tongue, and therefore they have limited influence on the STD values. In contrast, any small shifts in the A-line may lead to a change in the CC value. Because all subjects are within the healthy BMI range, variations in the amount of adipose tissue in the chin are not significant. Nevertheless, for each subject, we manually verified the data processing window to ensure that it covers the tongue surface.

A quantitative score, named the fractal index (FI), is used to quantify the movement based on A-lines or STD values. FI reflects the sum of the first derivative of the CC or STD processed data. René's work [9] verified that the FI factor of the CC-processed data is positively correlated with the movement amplitude and intensity of the echo. In this study, we verified whether the STD-derived FI would offer similar or better results.



RESULTS

The algorithms were first validated in the phantom. The movement was created by a voice coil actuator, which oscillates the reflecting metal plate. To mimic different magnitudes of tongue movement at the same frequency, we fixed the driving frequency at 10 Hz and increased the driving voltage from 3 to 9 V. Results from the correlation coefficient method are presented in Figure 3A, and the results from the STD method are presented in Figure 3B. The results show that the FI factor is positively correlated with the movement magnitude.


[image: Figure 3]
FIGURE 3. Input voltage (Amplitude) corresponding to the FI factor based on different methods: (A) the correlation coefficient method and (B) the STD method.


To mimic different tongue movement frequencies, we fixed the driving voltage at 5 V and increased the driving frequency from 10 to 100 Hz. Results from the correlation coefficient method are presented in Figure 4A, and the results from the STD method are presented in Figure 4B. These experiments show that the FI factor is positively correlated with movement frequency. It should be noted that during the experiment, we observed a non-linearity correlation between voltage and oscillation magnitude, which might have caused the non-linearity in Figures 3A, 4A. However, that won't affect our in vivo experiment result.


[image: Figure 4]
FIGURE 4. The oscillating frequency corresponding to the FI factor base on different methods: (A) correlation coefficient method and (B) the STD method.


Figure 5 represents a single A-line acquired in the human trials. In this figure, ultrasound reflection can be seen at time 28 μs, which corresponds to a 42-mm round-trip distance. Based on human anatomy [13], this echo was generated by reflection from the bottom surface of the tongue. When the tongue moves, both the amplitude and delay time of the ultrasound echo will vary, and these parameters can be used to quantify oral movement. Because ultrasound echo from the tongue surface looks quite different from background signals, this feature was used to verify the location of tongue surface.


[image: Figure 5]
FIGURE 5. A single A-line of human data acquired by a transducer placed under the chin.


The CC and STD algorithms were also used to process human data, and the results are shown in Figures 6, 7, respectively. Figure 6A shows the temporal correlation coefficient of 1,000 frames (acquired in 10 s). Figure 6B indicates correlation coefficient data after being smoothed by a moving-average filter with a 3-pixel window size [9]. The first deviation for the smoothed data is shown in Figure 6C. For better illustration, Figure 6D is a magnified image of Figure 6C, where every chewing cycle is clearly displayed.


[image: Figure 6]
FIGURE 6. Data processing steps based on the CC method. (A) The original CC-processed data as a function of the frame number. (B) The smoothing-processed plot of (A). (C) The first deviation of the smoothed data in (B). (D) A magnified plot of a section in (C), where multiple chewing cycles can be clearly seen. A red solid line box is used to indicate one of the chewing cycles.



[image: Figure 7]
FIGURE 7. Data processing steps based on the STD method. (A) The original STD-processed data as a function of the frame number. (B) The smoothing-processed plot of (A). (C) The first deviation of the smoothed data in (B). (D) A magnified plot of a section in (C), where multiple chewing cycle can be clearly seen. A red solid line box is used to indicate one of the chewing cycles.


Figure 7A shows the original STD data as a function of the frame number. Figure 7B indicates STD data after being smoothed by a 3-pixel window size moving-average filter. The first deviation for the smoothing data is demonstrated in Figure 7C. Figure 7D is a magnified image of Figure 7C, where each chewing cycle can be clearly seen. Based on the result in Figure 7C, we calculated the FI factor and compare it with the different levels of food sweetness.

Analysis of variance (ANOVA) was used to verify whether there are significant differences in tongue movement among different food sweetnesses. The test was conducted with 32 subjects, each of whom was tested with three different sweetnesses and repeated three times for each sweetness. The results were presented in Table 1. ANOVA was then applied to the FIs to compare tongue movement for foods with different sweetnesses. ANOVA verified the significant differences among FIs of three different sweetnesses during the bulk phase (Table 2) [14]. The results showed an increased tongue activity for higher sweetness samples. We used a single sample t-test [15] to analyze the difference between the two conditions. Equation (1) is used in the t-test, where [image: image] is the mean of the differences between the FI of two different sweetness tests, n represents the sample size, u0 is population mean, and s is the standard deviation of the difference. The FIs were multiplied by 1,000 in the t-test to avoid leading zeros in the sums of squares when ANOVA was applied [9].

[image: image]

For the high and middle sweetness (H-M) comparison, we found that the P-value was 7.19% in the CC method and 0.44% in the STD method. For the middle and low sweetness (M-L) comparison, the P-value was 7.19% in the CC method and 1.44% in the STD method. For the high and low (H-L) sweetness comparison, the P-value was <0.01% in both methods. These results indicate that the tongue movement varied significantly at different food sweetness levels. Also, the STD method performed better than the CC method in differentiating food sweetness. This occurred because the CC method is more susceptible to small changes, such as respiration and heartbeat, while the STD method is more sensitive to relatively large variations, like chewing and swallowing. Therefore, in this experiment, the STD method obtained relatively better results. Plots of FI distribution (Figures 8, 9) further confirm the decreasing tendency of the FI with the reduction in sweetness.


Table 1. Fractal index data for every experimental subject.

[image: Table 1]


Table 2. P-value of different comparison pairs.
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[image: Figure 8]
FIGURE 8. Plots from the fractal index of correlation coefficient method. Each set of subject data was normalized by its mean value to eliminate fluctuations caused by different transducer positions.



[image: Figure 9]
FIGURE 9. Plots from the fractal index of standard deviation method. Each set of subject data was normalized by its mean value to eliminate fluctuations caused by different transducer positions.


Due to variations in different individual's chewing behavior, a direct comparison of the FI among subjects would render inaccurate results. To address this issue, we developed a self-calibration procedure, where each subject's FI factors are self-normalized by the mean FI of the same subject at three different sweetness levels. After normalization, the FI factors of different subjects would fall within a similar range for easy comparison. The results from 32 subjects using the data processing method described above are shown in Figures 8, 9. Our conclusion was further validated by calculating the effect size [16], which is the ratio of the difference between two FI index means and their standard deviation. The result is shown in Table 3. Here, effect size >0.8, and 1.2 indicates a large difference between the two groups. Based on the Table 3, the STD method is generally better than the CC method, and for both CC and STD methods, apparent differences can be seen between high and low sweetness levels.


Table 3. Effect size of different comparison pairs.

[image: Table 3]

From all these results, we can conclude that the sweetness of food has a significant correlation with oral processing behavior: the sweeter the food, the more intense the tongue moves. It should be noted that our device was designed to be used by the same subject and cross-subject comparison will not be needed for future applications.



DISCUSSION AND CONCLUSION

In this study, we developed a portable ultrasound system that consists of a ceramic disk, an ultrasound pulser, and a smartphone-controlled smartscope. After each ultrasound pulse, the ceramic disk collects temporal data, which represents the position of the tongue. Multiple ultrasound pulses are associated with multiple sets of temporal data to track the oral process and tongue movement. Our results indicate that there is a positive correlation between the sweetness of food and tongue movement. We hope this approach could be used in the future to track sugar intake in patients with diabetes.

While we have demonstrated encouraging results, future improvements are still needed. First, although the size of the transducer and the oscilloscope have been significantly reduced, the ultrasound pulse generator is still relatively large. This issue can potentially be addressed by using a mobile ultrasound pulser chip, such as the ultrasonic signal processor and transducer driver produced by Texas Instruments with a size of 6 × 5 mm2 [17]. Recent advances in smartphones also enabled mobile ultrasound systems [18], whose techniques might be implemented in our future design to make the system even more portable. Second, the position of transducer placement is not ideal. A potential solution is to integrate the sensor with an earbud and place it right under the ear to monitor jaw movement. This position will be more convenient for daily usage and the device can potentially also record the sound of chewing [19]. Third, the user interface needs to be optimized. Ideally, the software should be able to track patients' sugar intake from day to day and notify the patient if the intake is significantly higher than the typical value.
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