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Extracting information about emotion from heart rate in real life is challenged by the concurrent effect of physical activity on heart rate caused by metabolic need. “Non-metabolic heart rate,” which refers to the heart rate that is caused by factors other than physical activity, may be a more sensitive and more universally applicable correlate of emotion than heart rate itself. The aim of the present article is to explore the evidence that non-metabolic heart rate, as it has been determined up until now, indeed reflects emotion. We focus on methods using accelerometry since these sensors are readily available in devices suitable for daily life usage. The evidence that non-metabolic heart rate as determined by existing methods reflect emotion is limited. Alternative possible routes are explored. We conclude that for real-life cases, estimating the type and intensity of activities based on accelerometry (and other information), and in turn use those to determine the non-metabolic heart rate for emotion is most promising.
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INTRODUCTION: ESTIMATING EMOTIONAL STATE IN REAL LIFE USING HEART RATE

Monitoring cognitive and emotional state on the basis of measures that are continuously available and do not require an individual to actively provide explicit, conscious responses would be valuable in a range of scientific and applied settings (Parasuraman and Wilson, 2008; Fairclough, 2009; Wilhelm and Grossman, 2010). The relation between physiological measures and cognitive and emotional state is complex and an active area of investigation. Factors that complicate research include the entanglement of cognitive and emotional processes, the fact that psychological concepts are not expected to map exactly on distinct physiological processes, and the difficulty to determine “ground truth” mental states (Kreibig, 2010; Brouwer et al., 2015b). On the other hand, it is without a doubt that mental state does affect physiological measures such as skin conductance, pupil dilation, heart rate variability (e.g., Brouwer et al., 2014) and the variable that we focus on here—heart rate. For instance, in our own studies we found that heart rate strongly increased in individuals who were sitting motionless in a chair after they received a message that they have to sing a song (Brouwer and Hogervorst, 2014); that heart rate was higher for individuals awaiting eye laser surgery compared to controls (Hogervorst et al., 2013) and that heart rate was reliably lower when individuals were reading emotional rather than non-emotional sections in a novel (Brouwer et al., 2015a). In these studies, we aimed to vary the intensity of the emotion (arousal—Russell, 1979), but as an illustration of the mentioned complication of entanglement of processes, the decreasing rather than increasing heart rate when reading emotional sections might have been caused by concurrent effects of attention, associated with heart rate decreases (Graham and Clifton, 1966). Still, in all of these studies we can be sure that mental processes caused the difference in heart rate, since individuals sat still under surveillance of an experimenter, thus keeping metabolic heart rate at a constant level. However, for a range of scientific and applied questions related to understanding mental processes, it is important to estimate cognitive or emotional state in daily life settings over which we have little or no experimental control (Wilhelm and Grossman, 2010) and heart rate may be affected by both metabolic and non-metabolic processes. For the remainder of this article, we will refer to “emotion” rather than “mental processes” or “cognitive and emotional state” because this is focus of most of the discussed work. We acknowledge that we (and others) cannot always clearly distinguish between these constructs.

A number of complications arise when using heart rate as an indicator of emotion in real life. These include technical and validation issues (Wilhelm and Grossman, 2010; Brouwer et al., 2015b), but also the fact that heart rate varies with a range of processes apart from emotion. Examples are food intake (Fagan et al., 1986) and circadian effects (van Eekelen et al., 2004), but most of the variation in heart rate in daily life is due to the muscles’ energy demand caused by physical activity (Grossman et al., 2004). This is not to say that these processes are unrelated to emotion; in fact, physical activity can be considered as a valuable source of information about emotion in itself. However, physical activity and emotion are not related one-on-one whereas physical activity is always strongly related with heart rate, regardless of whether the physical activity is associated with emotion.

One approach to deal with the effects of movement is to discard data associated with strong physical movements (e.g., Healey et al., 2010; Plarre et al., 2011), or focus on part of daily life that is associated with little physical movement (e.g., working at the computer as in Brouwer et al., 2017). However, this would result in a strong reduction of the range of daily life situations that can be examined. Blix et al. (1974) proposed already in 1974 to subtract part of the heart rate caused by physical activity (i.e., energy consumption of the muscles) from the overall heart rate, such that the remaining heart rate, referred to as “additional heart rate” or “non-metabolic heart rate” (Myrtek et al., 2000), would be more strongly associated with mental processes such as emotion than plain heart rate. For this to be possible, it would be required that changes in heart rate caused by physical activity and emotional activity add linearly, for which evidence has been found (Blix et al., 1974; Myrtek and Spital, 1986; Turner et al., 1988; Roth et al., 1990).

Non-metabolic heart rate, or the part of the heart rate that is not purely caused by physical activity, can in principle be determined in a number of ways—starting with the choice of the sensor and variables that are used to characterize physical activity up to ways of associating this activity with heart rate and controlling for it. The aim of the present article is to explore the evidence that non-metabolic heart rate indeed reflects emotion and how non-metabolic heart rate can be best determined. The most straightforward way that is easy to apply in real life seems to be to estimate an expected metabolic heart rate on the basis of the amount of movement as given by easy-to-wear, simple accelerometers, and relate this to the observed heart rate. In “Accelerometry and Heart Rate” section we discuss evidence on the relation between accelerometry and heart rate, and specifically, in the context of research on non-metabolic heart rate. We conclude that the current methods do not provide evidence that this general method works to properly separate non-metabolic heart rate from the heart rate in general. In “Respiration and Heart Rate” section, we discuss that oxygen or respiration variables lead to a better prediction of metabolic heart rate compared to accelerometers, and thus to a more robust non-metabolic heart rate. “Accelerometry and Oxygen” section discusses the relation between accelerometry where this is used to identify types of activity and energy expenditure as recorded through analyzing breath. Work in this area seems promising and its principles may be applied to achieve a better way to determine non-metabolic heart rate on the basis of accelerometers (“Conclusions and Points for Future Work” section). “Conclusions and Points for Future Work” section also discusses an alternative approach of determining non-metabolic heart rate that may be useful in lab settings, and general points in relation to validating non-metabolic heart rate. Figure 1 gives an overview of how the most important studies discussed in this article are embedded among the different sensors and variables used to estimate (non-metabolic) heart rate. It also indicates the position of the proposed next step.
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FIGURE 1. Overview of how the most important studies discussed in this article are embedded among the different variables used to estimate (non-metabolic) heart rate. Numbers preceding the names of the studies’ first authors refer to the sections in which they are discussed. In addition, the proposed next step is depicted.



ACCELEROMETRY AND HEART RATE

Accelerometry and Heart Rate: General Relation as Investigated Using ODBA

Out of an interest in measuring energy consumption, Wilson et al. (2006) proposed the “Overall Dynamic Body Acceleration” (ODBA) as a measure reflecting energy consumption. ODBA is the summed absolute value of the output acceleration of an accelerometer from the three orthogonal axes (|ax|+|ay|+|az|). Qasem et al. (2012) argue that the vector of the dynamic body acceleration (VeDBA; sqrt(ax2+ ay2+ az2)) may better reflect energy consumption. While most ODBA and VeDBA studies relate these measures to energy consumption as estimated by oxygen consumption (see also next sections), Miwa et al. (2015) used heart rate as a proxy for energy consumption. They investigated the relation between ODBA and VeDBA on the one hand and heart rate on the other hand. Grazing animals (cows, goats and sheep) were fitted with a heart-rate sensor as well as with an accelerometer on the back, at around shoulder height. Figure 2 shows an example of simultaneously recorded ODBA and heart rate over 24 h in an animal. ODBA correlated with heart rate better than that the number of steps correlated to heart rate, and the same or slightly better than that VeDBA correlated with heart rate. The R-squared of a Generalized Linear Model on the complete set of data, including random effects of species and individual animals, reached 0.87. This suggests that for non-human animals, arguably without much variation in types of activity, simple accelerometry measures can predict heart rate quite well, which is hopeful for the possibility to estimate and subtract metabolic heart rate.
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FIGURE 2. Example data of overall dynamic body acceleration (ODBA) and heart rate over 24 h in an animal. Interruptions in the data are caused by interruptions in the heart rate recording. (Figure 3 in Miwa et al., 2015; reprinted with permission).



Accelerometry for Determining Non-metabolic Heart Rate

The literature of subtracting out heart rate caused by physical activity using accelerometry to arrive at a heart rate measure that better reflects emotion has been dominated by the Additional Heart Rate algorithm developed by Myrtek and colleagues. As observed by Kusserow et al. (2013), who built upon this algorithm, no comparable arousal estimation algorithm exists that can be applied in natural daily living. Recently, Yang et al. (2017) took a slightly different approach relating accelerometer data to non-metabolic heart rate. The three approaches are described below.

Myrtek: Most-Used Algorithm of Determining Non-metabolic Heart Rate

Myrtek et al. (1988) proposed an algorithm for determining non-metabolic heart rate using accelerometers (usually one located at the chest and one at the thigh) to probe physical activity. Myrtek and colleagues published a large body of research that is mostly concerned with online identification of moments at which increases in heart rate are due to emotion rather than (only) to movement.

Non-metabolic heart rate is computed as follows, where the explanation is largely taken from Streb et al. (2015) who indicated working with non-metabolic heart rate as defined by Myrtek (2004):


1.   The actual heart rate of minute i (HRi) is compared to the average of the previous 3 min (HRPR) resulting in the actual change in heart rate at minute i (HRCi).

2.   Next, physical activity at minute i (“ACTi”) is factored in. From the original publications by Myrtek and colleagues it is unclear how ACTi is determined exactly. ACTi was quantified by Streb et al. (2015) as vectorial additions of the two sensors. Kusserow et al. (2013) describe ACTi as vectorial addition (where the sensor at the thigh is only used for the saggital direction) followed by additional (log) transformations.

3.   If there is no substantial increase in physical activity (< = 10 units where ACTi is compared to the average ACT of the preceding 3 min) an emotional event is postulated if HRCi = >3.

4.   If there is a substantial increase in physical activity (> = 10 units), the minimal rise in heart rate used to indicate an emotional event increases as well. Rather than exceeding 3, the HRCi then needs to exceed HRPR+HRPLUSi where HRPLUSi = (ACTi+90)/PAR. Parameter PAR affects the number of signaled emotional events and can be adapted online such that in online studies where participants are asked for a response at a supposedly emotional event, all participants receive an about equal number of alerts (e.g., Myrtek and Brügner, 1996). It is also often set (in offline analysis) at a fixed value of 30.

5.   The non-metabolic (additional) heart rate AHRi is determined by the actual increase in heart divided by the heart rate increase that is minimally required to signal an emotional event: AHRi = HRCi/HRPLUSi.

6.   but only if HRCi > = HRPLUSi., i.e., the algorithm only considers deviations of HR due to physical activity that are positive.



Note that the way information about body movement is extracted from accelerometers in this algorithm is similar to the computation of ODBA and VeDBA, except that here two accelerometers are used, and a subsequent log and linear transformation may be included. Myrtek (1990) and Myrtek et al. (1995) report correlations of between 0.70 and 0.73 between heart rate and physical activity; Myrtek et al. (2005) mention correlation coefficients up to 0.81, indicating that (also with effects of emotion included) there is quite a strong relation between body movement as determined by the algorithm and heart rate. Note that the step from heart rate explained by physical activity to non-metabolic heart rate is not a simple subtraction but includes some constants or parameters that seem to have been chosen to detect a “reasonable” number of emotional events.

Kusserow: Extending Myrtek’s Algorithm by Taking Into Account Changes in Posture

Kusserow et al. (2013) observe that a systematic evaluation and optimization of the functional elements and parameters of the algorithm by Myrtek and colleagues has not been performed. They argue that the current Myrtek algorithm does not take into account changes in heart rate due to (changes in) postures, such that changes in posture are incorrectly labeled as “emotional arousal.” They thus elaborated the model by including different primitives related to posture (sit, stand, walk, bend front, lean back, upright) derived from the chest and thigh accelerometer data using machine learning. Kusserow et al. (2013) algorithm results in less emotional arousal events when it is “activity aware” (i.e., taking into account posture) compared to when it is not, especially for situations with a high level of physical activity. They also extended the algorithm such as to obtain measures of duration.

Yang: An Alternative Algorithm

Yang et al. (2017) propose a model to predict heart rate based on an accelerometer data from a sensor on the chest. Their algorithm is based on a formula predicting heart rate demand on the basis of an individual’s minimum heart rate (HRmin) and maximum heart rate (HRmax), as well as exercise intensity (Iintensity; Karvonen et al., 1957):
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In their study, HRmax has been fixed per age (She et al., 2015) and the HRmin is as recorded in rest. From HRmin and gender, a parameter lamda is determined (Zakynthinaki, 2015) reflecting overall cardiovascular condition.

Like the other algorithms, the exercise intensity is based on the acceleration vector sqrt(ax2+ ay2+ az2). This is subsequently divided by the maximum achievable velocity of the individual, which is determined by lamda and a fixed constant (Zakynthinaki, 2015). In determining the exercise intensity, Yang et al. (2017) also model the effect of blood lactate (that accumulates during exercise and also causes an increase in heart rate: Zakynthinaki, 2015) where again they use physical movement to do this. Finally, they model the speed at which the heart adapts taking into account lamda and a fixed constant.

Non-metabolic HR is determined by subtracting the observed heart rate from the predicted one. Yang et al. (2017) further translate this into a “mental state arousal level” by mapping the non-metabolic heart rate on [−1, 1] using the minimum and maximum heart rate.

Yang et al. (2017) present example graphs of predicted and observed heart rate during several activities (lying, sitting, walking, ironing, vacuum cleaning, Nordic walking, running, rope jumping and cycling). As far as the overall prediction of heart rate is concerned, they conclude that the model works well for some activities, but not when the chest accelerometer does not capture the movement optimally (such as in cycling and vacuum cleaning) and not after vigorous activities such as Nordic walking.

Evidence That Accelerometry Based Non-metabolic Heart Rate Reflects Emotion

Several studies take it as a given that non-metabolic heart rate determined in ways as described above reflects emotion and build further conclusions on it. For instance, Wilhelm and Grossman (2010) motivate the importance of ambulatory monitoring by referring to figures that show large heart rate increases compared to physical activity as recorded by accelerometry in real-life situations—watching a soccer game and giving a speech. Another example is a study by Streb et al. (2015). They recorded non-metabolic heart rate following the Myrtek algorithm in children attending different types of educational environments. Streb et al. (2015) found higher non-metabolic heart rate in environments that emphasized social relatedness and autonomy, which led them to certain educational recommendations. However, before such conclusions can be drawn we need to know whether or under what circumstances we can assume that the various types of determining non-metabolic heart rate reflect emotion. If this is not clear, computed non-metabolic heart rate could be attributed to emotion while actually being caused by, for example, confounding differences in speech or movements that are not captured well enough by the accelerometers. See Kusserow et al. (2013) who showed incorrect labels of emotion due to posture change that was not captured, and Linden (1987) reporting that unemotional speech (which will not affect accelerometry) can increase HR with 5–10 bpm. For the Streb et al. (2015) study, it is likely that children in the environments emphasizing social relatedness and autonomy talked and moved (changed posture) more, and the examples given by Wilhelm and Grossman may have suffered from the same problem.

Below, we review the evidence of studies that explicitly aimed to test whether non-metabolic heart rate as determined in a certain way using accelerometry is indeed associated with emotion.

Myrtek and colleagues prompted participants during daily life activities to rate excitement and enjoyment on 4- or 5-step rating scales (three studies described in Myrtek and Brügner, 1996) and in addition, the type of emotion (no emotion, disgust, anger, happiness, anxiety, sadness, surprise; Myrtek et al., 2005). The times they were prompted were either times that were identified as emotional through non-metabolic heart rate or times that this was not the case. Numbers of participants in these studies varied between 49 and 323; prompts were given every 10–20 min (except during sleep). Recording duration was usually 23 h. Myrtek and colleagues did not find differences in the frequency and quality of reported emotions depending on whether the probe was elicited by non-metabolic heart rate or not. Also, Myrtek et al. (2005) did not find that some individuals were more accurate in indicating emotions than others; participants mainly differed as to the overall degree of feeling emotional. Thus, this approach has not provided support for non-metabolic heart rate as determined by the algorithm proposed by Myrtek (2004) as an indicator of emotion.

However, the difficulty with comparing physiological correlates of emotion with self-reported emotion is that it is not a priori clear, which is closer to the “true” emotion. One of the frequently mentioned motivations of using physiology as an indicator of emotion is the unreliability of self-report. In this line, Myrtek and Brügner (1996) and Myrtek et al. (2005) argue that participants’ emotional self-report is affected by subjective hypotheses and schemata that are usually clear-cut in laboratory settings, therewith enhancing correlations between self-reported emotion and physiology, but not so in daily life (Pennebaker, 1982; Rimé et al., 1990).

Another approach is to compare non-metabolic heart rate between different groups of participants or different conditions where a priori different intensities of emotions are expected. Myrtek et al. (2005) mention a range of such studies. However, it is not clear that non-metabolic heart rate shows a clearer difference than plain heart rate; rather the opposite seems to be the case. For instance, Myrtek and Brügner (1996) show that non-metabolic heart rate is higher when watching erotic movies compared to comedy. This is the case for little physical activity (sitting) and strong physical activity (cycling). However, the effect of the type of movie was, or at least tended to be, stronger in both sitting and cycling conditions for plain heart rate compared to non-metabolic heart rate (where in the sitting condition the difference in movement went in the direction of less activity when watching the erotic movie compared to the comedy).

Kusserow et al. (2013) related estimated emotional arousal phases to 12 annotated daily activities (such as eating, conversing, housework, office desk) to examine whether estimated arousal results seemed plausible, but as acknowledged by the authors, it is hard to judge whether this was the case. They did not find congruence between estimated arousal and subjectively perceived arousal, as indicated by four participants using questionnaires that they had filled out at random, self-chosen times (with on average about 2–3 h between them; 32–64 h of recording per participant). Kusserow et al. (2013) indicate that evaluating their algorithm as to whether it correctly indicates emotion was not the main purpose of their study, and their first results did not provide evidence in this respect.

Yang et al. (2017) show example graphs plotting predicted and observed heart rate both for participants performing different activities in the lab, as well as for a participant in real life. Thirty-minute “snapshot” example graphs suggest a rather good fit between predicted and observed heart rate. At times when predicted heart rate seems lower than observed, the authors provide explanations such as the participant is walking part of a route that she knows particularly well; when the predicted heart rate seems higher, the suggestion is that this is due to arousal caused by chatting with a friend or a stressful phone call (a reprinted example graph is shown in Figure 3). However, there is no independent measure of emotional arousal.
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FIGURE 3. Example data of body movement, heart rate and derived mental arousal level (MAL) of a participant walking home from work. The data was interpreted as the participant being a little excited to leave work in the beginning and being irritated at second 1250 because of a phone call. The continued positive MAL after the participant arrived at home and sat on the sofa (second 1360) was interpreted as the participant thinking about the phone call (Figures 1, 4 in Yang et al., 2017; reprinted with permission).



In sum, we are not aware of a study that indicated evidence of non-metabolic heart rate estimated using accelerometry to be associated with emotion. It may not be possible to capture enough of the necessary information using (a limited number of) accelerometers, or the algorithms used up until now to extract the information may not be suitable. The algorithms by Kusserow et al. (2013) and Yang et al. (2017) have not been tested extensively.

RESPIRATION AND HEART RATE

While accelerometry may potentially be good enough to predict heart rate caused by physical activity, some obvious limitations already preclude a straightforward relation under all circumstances. The capturing of movement depends on the placement of the sensors—as mentioned before when discussing the study by Yang et al. (2017), an accelerometer on the trunk will suggest little exercise when working out on a home trainer (see also Crouter et al., 2006). Isometric exercise cannot be captured by body movements—lifting a heavy box or a light box would be similar in terms of accelerometry, but not in metabolic demand. Metabolic demand as estimated using oxygen consumption does not suffer from these disadvantages (Wilhelm and Grossman, 2010). In fact, and as previously discussed, non-metabolic heart rate was originally determined by separating out heart rate due to muscular movement as estimated using oxygen consumption (Blix et al., 1974). Using oxygen consumption as a proxy of physical movement for determining non-metabolic heart rate would only work if emotion does not affect oxygen uptake in a similar way than it affects heart rate (or if oxygen uptake and heart rate are not very tightly connected). This has been established (Carroll et al., 1986; Delistraty et al., 1991). These studies related oxygen uptake to heart rate under neutral conditions with varying physical activity, and during a stressful cognitive task with varying physical activity. Heart rate in the stressful condition was higher than predicted from oxygen uptake. However, oxygen consumption cannot easily be measured during daily life. As an alternative, Wilhelm and Roth (1998a,b) used respiration bands at the upper thorax and the abdomen to estimate the part of heart rate caused by movement. They refer to Delistraty et al. (1991) who showed a correlation close to 1 between oxygen consumption and minute ventilation at low and moderate levels of aerobic exercise (up to 60% of maximal work capacity). Bands were individually calibrated using a spirometer and the association between physical activity and respiration was individually determined by regression analysis on ventilation and heart rate data originating from cycling at different intensities. A mean R-squared of around 0.80 between observed and predicted heart rate during the cycling calibration procedure was found, which is much higher than the previously mentioned correlation when accelerometry was used in humans. Non-metabolic heart rate was determined by subtracting the heart rate as predicted by respiration data from the observed heart rate.

Wilhelm and Roth (1998a,b) validated whether non-metabolic heart rate thus determined reflected emotion by recording from flight phobics and controls while they were walking, entering a plane, flying and landing (Figure 4). Compared to raw heart rate and baselined heart rate, non-metabolic (“additional”) heart rate was higher for phobics than for controls in most phases. Also, other statistical tests indicated that non-metabolic heart rate was more sensitive to distinguish the more emotional (phobic) group from the control group compared to the other heart rate measures. Rated subjective anxiety and excitement (“subjective emotional activation”) were shown to be associated with non-metabolic heart rate. The advantage of non-metabolic heart rate over plain heart rate is most clear when recorded during movement (e.g., walking to the airplane) since obviously, during these periods, there was something to correct for.
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FIGURE 4. Raw heart rate, baselined heart rate, additional (non-metabolic) heart rate and subjective emotion during respectively pre-flight baseline as recorded in a hospital; walking from the hospital to the car; walking from the terminal to the airplane; flight; landing; post-flight baseline. Data from flight phobic participants are represented by squares and a solid line; data from control participants are represented by circles and dashed lines (Modified Figure 2 in Wilhelm and Roth, 1998b; reprinted with permission).



These studies (arguably covering a quite extreme case of comparing flight phobics to controls during an actual flight scenario) genuinely show that non-metabolic heart rate reflects emotion more accurately than plain heart rate, where the non-metabolic heart rate was determined using respiration bands to determine heart rate as affected by metabolic demand.

ACCELEROMETRY AND OXYGEN

While non-metabolic heart rate has thus been shown to be informative about emotional state outside the lab, this was shown using respiration parameters and not using accelerometry. In the literature on relating accelerometry to energy expenditure (including ODBA work), numerous models have been developed (Corder et al., 2007), usually based on linear regression analysis. While these models work to some extent, they suffer from the same limitation that the relation between accelerometry and heart rate suffers from, and which may be the very reason why non-metabolic heart rate based on simple accelerometry was not shown to be successful: body movement does not map directly onto metabolic need. Bonomi et al. (2009) proposed to harness accelerometry as a predictor of energy expenditure in a fundamentally different way, reminiscent by what Kusserow et al. (2013) did for heart rate. They proposed to use accelerometry for activity recognition and combine this with known data on the energy cost of these activities (metabolic equivalent table (MET) compendium values: Ainsworth et al., 2000).

Altini et al. (2015) give an overview of methods that have been followed to relate accelerometry to energy expenditure, indicating that activity-specific methods outperform the traditional method. In their study, they directly compare energy expenditure estimation performance between different methods and different accelerometer positions. They had participants perform a large number of varying activities at different intensities (such as lying down resting, desk work, cooking, washing windows, running) that were clustered into “sedentary” and “active” behavior, where these two clusters were again subdivided into respectively lying, sitting and standing; and high whole-body motion, walking, biking and running. Participants wore five accelerometers at different body locations, and a calorimeter (a wearable device covering nose and mouth to measure breaths) to measure energy expenditure. In what they refer to as the “counts-based method,” accelerometer features (0.1–10 Hz band passed values summed over the three axes) are regressed to energy expenditure values without knowledge of activity type (i.e., the traditional method, similar to the methods relating accelerometry to heart rate described in Section Introduction: “Estimating Emotional State in Real Life Using Heart Rate”). For activity-specific estimation methods, the type of activity is estimated using a range of accelerometry features and support vector machine classification. Then either a MET was used to look up the corresponding energy expenditure, or activity-specific linear models relating accelerometry to energy expenditure are used. In the latter version, the accelerometry features used depend on the type of activity. All methods also include anthropometric characteristics (body weight and resting metabolic rate). Models were evaluated using leave-one-participant-out cross validation. Altini et al. (2015) show that energy expenditure can be estimated best by activity-specific estimation methods (Figure 5), where using accelerometry based models depending on the activity outperformed MET only for the active cluster (containing activities that can be performed at different intensities which is hard to capture in a look-up table). They conclude that two accelerometers at proper locations (chest and wrist) suffice for activity recognition, one sensor (chest) is enough for to estimate subsequent activity dependent energy expenditure for active activities.
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FIGURE 5. Root-mean-square-error (RMSE) of energy expenditure estimation following the traditional “counts based” method for sedentary and active clusters (the two data distributions on the right, marked CS and CA); and the “activity specific” method as a function of the number of used accelerometers, for both sedentary (dark gray) and active (light gray) behavior (Figure 4B in Altini et al., 2015; reprinted with permission).



CONCLUSIONS AND POINTS FOR FUTURE WORK

In this survey, we explored to what extent non-metabolic heart rate has been shown to reflect emotion, and how non-metabolic heart rate can be best determined. The existing literature suggests that relating movement intensity of accelerometers “directly” to metabolic heart rate is too course a method in uncontrolled movement circumstances to consecutively obtain non-metabolic heart rate estimates that are informative of emotion. Studies using respiration rather than accelerometry (where more or less wearable bands can be used) to estimate metabolic heart rate did show that non-metabolic heart rate relates to emotion. Still, from a practical viewpoint, respiration bands are not desired. As highlighted through studies relating activity type to energy expenditure (Altini et al., 2015), a promising approach would be to classify actions using accelerometers or other wearable sensors (Wong et al., 2007; Cornacchia et al., 2017) and predict heart rate due to physical activity from there. A side advantage of performing activity recognition rather than using respiration-related variables to determine non-metabolic heart rate is that, as also mentioned in the introduction, activity type and duration are often variables of interest in studies on emotion by themselves. Given the fact that speech affects heart rate apart from emotion but cannot be captured with movement sensors, an acoustic sensor may be valuable for activity recognition for the purpose of determining non-metabolic heart rate.

Another straightforward approach that does not depend on correct modeling of activity recognition, or on correct modeling of the relation between variables indicative of metabolic need and heart rate caused by physical activity, is to create an own look-up table by having individuals perform the body movements of interest under circumstances that are known to be low in emotion. The individual’s heart rate recorded at that time can be subtracted from the heart rate recorded during the same activity as determined by the design of an experiment in a (possibly) emotional setting (Brouwer et al., 2018). Obviously, this requires extra data collection and cannot be generalized to all daily life circumstances. However, it may be a tool in naturalistic experiments examining emotions in a continuous, implicit way.

The current manuscript focuses on non-metabolic heart rate. The variation of time between subsequent heart beats, or heart rate variability, has been associated with psychological (and physical) stress where a decrease in heart rate variability correlates with an increased level of stress (McEwen, 2001; Brouwer et al., 2014; Javorka et al., 2018). If the quality of the recording of heart rate allows, heart rate variability may be used as an additional informative variable about an individual’s mental state. Heart rate variability is affected by physical movement (and associated changes in respiration) as well, but the effects of movement may be taken into account in similar ways as described. First studies on non-metabolic heart rate variability have been performed by Verkuil et al. (2016) and Brown et al. (2017).

While we think that the global method as proposed will lead to a better determination of non-metabolic heart rate than the methods used so far, the modeling will still not be exact. For instance, current heart rate will be affected to varying degrees by recent physical activity where such effects will be stronger or longer lasting when this activity was intense. It is important to evaluate any new models on non-metabolic heart rate in different contexts, or at least, in the context of interest. For this, independent measures of emotion are required such as subjective ratings or conditions or groups that can a priori be expected to differ with respect to experienced emotion. While obtaining ground truth emotion is challenging (André, 2011; Brouwer et al., 2015b), such measures should be used to provide evidence for the potency of the method to estimate emotion, and to compare different methods of determining non-metabolic heart rate.

Knowing an individual’s emotion continuously can be desired in a wide range of cases. However, application of any measure reflecting this should be viewed in the light of its accuracy, its cost-benefit trade-off compared to alternative measures, as well as ethical considerations (Brouwer et al., 2015b). For continuous non-metabolic heart rate, applications could be in obtaining a continuous characterization of stress or affective intensity in well-defined tasks that involve light to moderate movements (e.g., complex tasks in air traffic control, or in cooking a dish- Brouwer et al., 2018). This can support the design of tasks, interfaces and products. A real-time determination of non-metabolic heart rate may be used in real-time interventions by virtual coaches, e.g., to support individuals with an anxiety disorder or addiction.

AUTHOR CONTRIBUTIONS

A-MB conceived the idea of the manuscript and wrote the first draft of the manuscript. All authors contributed to manuscript revision, read and approved the submitted version.

FUNDING

This research was funded by the U.S. Army Research Laboratory and was accomplished under Contract Number W911NF-10-D-0002 as well as by a grant from the Dutch Top Consortium for Knowledge and Innovation (TKI) Agri&Food together with Unilever R&D Vlaardingen, Noldus Information Technology BV and Eaglescience Software BV (TKIAF-16003).

ACKNOWLEDGMENTS

We would like to thank Matthijs Noordzij, Boris Kingma, Maarten Hogervorst and Roxane Lubbers for helpful discussions.

REFERENCES

Ainsworth, B. E., Haskell, W. L., Whitt, M. C., Irwin, M. L., Swartz, A. M., Strath, S. J., et al. (2000). Compendium of physical activities: an update of activity codes and MET intensities. Med. Sci. Sports Exerc. 32, S498–S516. doi: 10.1097/00005768-200009001-00009

Altini, M., Penders, J., Vullers, R., and Amft, O. (2015). Estimating energy expenditure using body-worn accelerometers: a comparison of methods, sensors number and positioning. IEEE J. Biomed. Health Inform. 19, 219–226. doi: 10.1109/JBHI.2014.2313039

André, E. (2011). Experimental methodology in emotion-oriented computing. IEEE Pervasive Comput. 10, 54–57. doi: 10.1109/mprv.2011.50


Blix, A. S., Stromme, S. B., and Ursin, H. (1974). Additional heart rate—an indicator of psychological activation. Aerosp. Med. 45, 1219–1221.


Bonomi, A. G., Plasqui, G., Goris, A. H. C., and Westerterp, K. R. (2009). Improving assessment of daily energy expenditure by identifying types of physical activity with a single accelerometer. J. Appl. Physiol. 107, 655–661. doi: 10.1152/japplphysiol.00150.2009

Brouwer, A.-M., and Hogervorst, M. A. (2014). A new paradigm to induce mental stress: the Sing-a-Song Stress Test (SSST). Front. Neurosci. 8:224. doi: 10.3389/fnins.2014.00224

Brouwer, A.-M., Hogervorst, M. A., Holewijn, M., and van Erp, J. B. F. (2014). Evidence for effects of task difficulty but not learning on neurophysiological variables associated with effort. Int. J. Psychophysiol. 93, 242–252. doi: 10.1016/j.ijpsycho.2014.05.004

Brouwer, A.-M., Hogervorst, M. A., Reuderink, B., van der Werf, Y., and van Erp, J. B. F. (2015a). Physiological signals distinguish between reading emotional and non-emotional sections in a novel. Brain Comput. Interfaces 2–3, 76–89. doi: 10.1080/2326263x.2015.1100037

Brouwer, A.-M., Zander, T. O., van Erp, J. B. F., Korteling, J. E., and Bronkhorst, A. W. (2015b). Using neurophysiological signals that reflect cognitive or affective state: six recommendations to avoid common pitfalls. Front. Neurosci. 9:136. doi: 10.3389/fnins.2015.00136


Brouwer, A.-M., Hogervorst, M. A., van Erp, J. B., van Dam, E., Brooks, J. R., Grootjen, M., et al. (2018). “Improving real-life estimates of emotion based on heart rate by taking metabolic heart rate into account—a perspective and an example in cooking,” in International Neuroergonomics Conference (Philadelphia, PA).



Brouwer, A.-M., van de Water, L., Hogervorst, M., Kraaij, W., Schraagen, J. M., and Hogenelst, K. (2017). “Monitoring mental state during real life office work,” in Symbiotic Interaction. Symbiotic. Lecture Notes in Computer Science, (Vol. 10727) eds J. Ham, A. Spagnolli, B. Blankertz, L. Gamberini and G. Jacucci (Cham: Springer).


Brown, S. B. R. E., Brosschot, J. F., Versluis, A., Thayer, J. F., and Verkuil, B. (2017). New methods to optimally detect episodes of non-metabolic heart rate variability reduction as an indicator of psychological stress in everyday life. Int. J. Psychophysiol. doi: 10.1016/j.ijpsycho.2017.10.007 [Epub ahead of print].

Carroll, D., Turner, J. R., and Hellawell, J. C. (1986). Heart rate and oxygen consumption during active psychological challenge: the effects of level of difficulty. Psychophysiology 23, 174–181. doi: 10.1111/j.1469-8986.1986.tb00613.x

Corder, K., Brage, S., and Ekelund, U. (2007). Accelerometers and pedometers: methodology and clinical application. Curr. Opin. Clin. Nutr. Metab. Care 10, 597–603. doi: 10.1097/MCO.0b013e328285d883

Cornacchia, M., Ozcan, K., Zheng, Y., and Velipasalar, S. (2017). A survey on activity detection and classification using wearable sensors. IEEE Sens J. 17, 386–403. doi: 10.1109/jsen.2016.2628346

Crouter, S. E., Churilla, J. R., and Bassett, D. R. Jr. (2006). Estimating energy expenditure using accelerometers. Eur. J. Appl. Physiol. 98, 601–612. doi: 10.1007/s00421-006-0307-5

Delistraty, D. A., Greene, W. A., Carlberg, K. A., and Raver, K. K. (1991). Use of graded exercise to evaluate physiological hyperreactivity to mental stress. Med. Sci. Sports Exerc. 23, 476–481. doi: 10.1249/00005768-199104000-00014

Fagan, T. C., Conrad, K. A., Mar, J. H., and Nelson, L. (1986). Effects of meals on hemodynamics: implications for antihypertensive drug studies. Clin. Pharmacol. Ther. 39, 255–260. doi: 10.1038/clpt.1986.35

Fairclough, S. H. (2009). Fundamentals of physiological computing. Interact. Comput. 21, 133–145. doi: 10.1016/j.intcom.2008.10.011

Graham, F. K., and Clifton, R. K. (1966). Heart-rate change as a component of the orienting response. Psychol. Bull. 65, 305–320. doi: 10.1037/h0023258

Grossman, P., Wilhelm, F. H., and Spoerle, M. (2004). Respiratory sinus arrhythmia, cardiac vagal control, and daily activity. Am. J. Physiol. 287, H728–H734. doi: 10.1152/ajpheart.00825.2003


Healey, J., Nachman, L., Subramanian, S., Shahabdeen, J., and Morris, M. (2010). “Out of the lab and into the fray: towards modeling emotion in everyday life,” in Pervasive Computing. Pervasive 2010. Lecture Notes in Computer Science, eds P. Floréen, A. Krüger and M. Spasojevic (Berlin, Heidelberg: Springer), pp156–173.



Hogervorst, M. A., Brouwer, A.-M., and Vos, W. (2013). “Physiological correlates of stress in individuals about to undergo eye laser surgery,” in Humaine Association Conference on Affective Computing and Intelligent Interaction (Washington, DC: IEEE Computer Society), 473–478.


Javorka, M., Krohova, J., Czippelova, B., Turianikova, Z., Lazarova, Z., Wiszt, R., et al. (2018). Towards understanding the complexity of cardiovascular oscillations: insights from information theory. Comput. Biol. Med. 98, 48–57. doi: 10.1016/j.compbiomed.2018.05.007


Karvonen, M. J., Kentala, E., and Mustala, O. (1957). The effects of training on heart rate: a longitudinal study. Ann. Med. Exp. Biol. Fenn. 35, 307–315.


Kreibig, S. D. (2010). Autonomic nervous system activity in emotion: a review. Biol. Psychol. 84, 394–421. doi: 10.1016/j.biopsycho.2010.03.010

Kusserow, M., Amft, O., and Tröster, G. (2013). Modeling arousal phases in daily living using wearable sensors. IEEE Trans. Affect. Comput. 4, 93–105. doi: 10.1109/t-affc.2012.37

Linden, W. (1987). A microanalysis of autonomic activity during human speech. Psychosom. Med. 49, 562–578. doi: 10.1097/00006842-198711000-00002

McEwen, B. S. (2001). From molecules to mind. Ann. N Y Acad. Sci. 935, 42–49. doi: 10.1111/j.1749-6632.2001.tb03469.x

Miwa, M., Oishi, K., Nakagawa, Y., Maeno, H., Anzai, H., Kumagai, H., et al. (2015). Application of overall dynamic body acceleration as a proxy for estimating the energy expenditure of grazing farm animals: relationship with heart rate. PLoS One 10:e0128042. doi: 10.1371/journal.pone.0128042

Myrtek, M. (1990). Covariation and reliability of ECG parameters during 24-hour monitoring. Int. J. Psychophysiol. 10, 117–123. doi: 10.1016/0167-8760(90)90026-a


Myrtek, M. (2004). Heart and Emotion: Ambulatory Monitoring Studies in Everyday Life. Cambridge, MA: Hogrefe and Huber Publishers.


Myrtek, M., Aschenbrenner, E., and Brügner, G. (2005). Emotions in everyday life: an ambulatory monitoring study with female students. Biol. Psychol. 68, 237–255. doi: 10.1016/j.biopsycho.2004.06.001

Myrtek, M., and Brügner, G. (1996). Perception of emotions in everyday life: studies with patients and normals. Biol. Psychol. 42, 147–164. doi: 10.1016/0301-0511(95)05152-x

Myrtek, M., Brügner, G., Fichtler, A., König, K., Müller, W., Foerster, F., et al. (1988). Detection of emotionally induced ECG changes and their behavioural correlates: a new method for ambulatory monitoring. Eur. Heart J. 9, 55–60. doi: 10.1093/eurheartj/9.suppl_n.55

Myrtek, M., Fichtler, A., Fröhlich, E., and Brügner, G. (2000). ECG changes, emotional arousal, and subjective state. J. Psychophysiol. 14, 106–114. doi: 10.1027/0269-8803.14.2.106

Myrtek, M., and Spital, S. (1986). Psychophysiological response patterns to single, double, and triple stressors. Psychophysiology 23, 663–671. doi: 10.1111/j.1469-8986.1986.tb00690.x


Myrtek, M., Stiels, W., Herrmann, J. M., Brügner, G., Müller, W., Höppner, V., et al. (1995). “Emotional arousal, pain, and ECG changes during ambulatory monitoring in patients with cardiac neurosis and controls: methodological considerations and first results,” in From the Heart to the Brain. The Psychophysiology of Circulation—Brain Interaction, eds D. Vaitl and R. Schandry (Frankfurt/Main: Peter Lang), 319–334.


Parasuraman, R., and Wilson, G. F. (2008). Putting the brain to work: neuroergonomics past, present, and future. Hum. Factors 50, 468–474. doi: 10.1518/001872008x288349


Pennebaker, J. W. (1982). The Psychology of Physical Symptoms. New York, NY: Springer.



Plarre, K., Raij, A., Hossain, S. M., Ali, A. A., Nakajima, M., Al’absi, M., et al. (2011). “Continuous inference of psychological stress from sensory measurements collected in the natural environment,” in Proceedings of the 10th ACM/IEEE International Conference on Information Processing in Sensor Networks (IPSN) (Chicago, IL), 97–108.


Qasem, L., Cardew, A., Wilson, A., Griffiths, I., Halsey, L. G., Shepard, E. L. C., et al. (2012). Tri-axial dynamic acceleration as a proxy for animal energy expenditure; should we be summing values or calculating the vector? PLoS One 7:e31187. doi: 10.1371/journal.pone.0031187

Rimé, B., Philippot, P., and Cisamolo, D. (1990). Social schemata of peripheral changes in emotion. J. Pers. Soc. Psychol. 59, 38–49. doi: 10.1037/0022-3514.59.1.38

Roth, D. L., Bachtler, S. D., and Fillingim, R. B. (1990). Acute emotional and cardiovascular effects of stressful mental work during aerobic exercise. Psychophysiology 27, 694–701. doi: 10.1111/j.1469-8986.1990.tb03196.x

Russell, J. A. (1979). Affective space is bipolar. J. Pers. Soc. Psychol. 37, 345–356. doi: 10.1037/0022-3514.37.3.345

She, J., Nakamura, H., Makino, K., Ohyama, Y., and Hashimoto, H. (2015). Selection of suitable maximum-heart-rate formulas for use with Karvonen formula to calculate exercise intensity. Int. J. Autom. Comput. 12, 62–69. doi: 10.1007/s11633-014-0824-3

Streb, J., Keis, O., Lau, M., Hille, K., Spitzer, M., and Sosic-Vasic, Z. (2015). Emotional engagement in kindergarten and school children: a self-determination theory perspective. Trends Neurosci. Educ. 4, 102–107. doi: 10.1016/j.tine.2015.11.001

Turner, J. R., Carroll, D., Hanson, J., and Sims, J. (1988). A comparison of additional heart rates during active psychological challenge calculated from upper body and lower body dynamic exercise. Psychophysiology 25, 209–216. doi: 10.1111/j.1469-8986.1988.tb00990.x

van Eekelen, A. P., Houtveen, J. H., and Kerkhof, G. A. (2004). Circadian variation in base rate measures of cardiac autonomic activity. Eur. J. Appl. Physiol. 93, 39–46. doi: 10.1007/s00421-004-1158-6

Verkuil, B., Brosschot, J. F., Tollenaar, M. S., Lane, R. D., and Thayer, J. F. (2016). Prolonged non-metabolic heart rate variability reduction as a physiological marker of psychological stress in daily life. Ann. Behav. Med. 50, 704–714. doi: 10.1007/s12160-016-9795-7

Wilhelm, F. H., and Grossman, P. (2010). Emotions beyond the laboratory: theoretical fundaments, study design, and analytic strategies for advanced ambulatory assessment. Biol. Psychol. 84, 552–569. doi: 10.1016/j.biopsycho.2010.01.017

Wilhelm, F. H., and Roth, W. T. (1998a). Taking the laboratory to the skies: ambulatory assessment of self- report, autonomic, and respiratory responses in flying phobia. Psychophysiology 35, 596–606. doi: 10.1017/s0048577298970196

Wilhelm, F. H., and Roth, W. T. (1998b). Using minute ventilation for ambulatory estimation of additional heart rate. Biol. Psychol. 49, 137–150. doi: 10.1016/s0301-0511(98)00032-5

Wilson, R. P., White, C. R., Quintana, F., Halsey, L. G., Liebsch, N., Martin, G. R., et al. (2006). Moving towards acceleration for estimates of activity-specific metabolic rate in free-living animals: the case of the cormorant. J. Anim. Ecol. 75, 1081–1090. doi: 10.1111/j.1365-2656.2006.01127.x

Wong, W. Y., Wong, M. S., and Lo, K. H. (2007). Clinical applications of sensors for human posture and movement analysis: a review. Prosthet. Orthot. Int. 31, 62–75. doi: 10.1080/03093640600983949

Yang, Z., Jia, W., Liu, G., and Sun, M. (2017). Quantifying mental arousal levels in daily living using additional heart rate. Biom. Signal Process. Control. 33, 368–378. doi: 10.1016/j.bspc.2016.11.003

Zakynthinaki, M. S. (2015). Modelling heart rate kinetics. PLoS One 10:e0118263. doi: 10.1371/journal.pone.0118263

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Brouwer, van Dam, van Erp, Spangler and Brooks. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnhum-12-00284-g003.gif
100
50

20

beats/min

200 400 600 800 1000 1200 1400 1600 1800
= MAL ====' Average MAL/min
200 400 600 800 1000 1200 1400 1600 1800

time (seconds)





OPS/images/fnhum-12-00284-g004.gif
m
i

Heart Rate

Baseline Adjusted

28888229 °%

Raw Heart Rate






OPS/images/fnhum-12-00284-g002.gif
80 020
018

VR
4

0.10
008
0.06
004
0.02
0 0.00
18:00 0:00 6:00 12:00 18:00

Time of day (hhimm)

—e—Heartrate ——ODB.

N
5





OPS/images/umath_1.gif
HRdemand = (HRmax — HRmin) * lintensity + HRmin





OPS/images/fnhum-12-00284-g005.gif
RMSE (kcal/min)

18 1A 28 2A 3S 3A 4S5 4A 58 5A CS CA

Number of sensors (best configuration)

Sedentary

Active

Counts Sedentary
Counts Active






OPS/images/crossmark.jpg





OPS/images/fnhum-12-00284-g001.gif
Movement Intensity of

sensors activity
(accelerometry)

HR observed
(mainly related to
body movement)

Posture HR related to
body movement

(metabolic HR)
HR related to
mental state

(non-metabolic
HR)

Type of activity

L

2.1 Miwa

Oxygen
(carbon dioxide..)

3. Wilhelm

Respiration
parameters

Determining physical activity (non-metabolic) heart rate





OPS/images/cover.jpg
’ frontiers _
1IN Human Neuroscience

Improving Real-Life Estimates of

Emotion Based on Heart Rate: A

Perspective on Taking Metabolic
Heart Rate Into Account









OPS/images/logo.jpg
’ frontiers )
in Human Neuroscience





