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Early detection and evaluation of cognitive alteration in chronic liver disease is important for predicting the subsequent development of hepatic encephalopathy. While visuomotor tasks have been rigorously employed for cognitive evaluation in chronic liver disease, there is a paucity of auditory processing task. Here we focused on auditory perception and examined behavioral and haemodynamic responses to a melodic contour identification task (CIT) to compare cognitive abilities in patients with chronic liver disease (CLD, N = 30) and healthy controls (N = 25). Further, we used support vector machines to examine the optimal combination of channels of functional near-infrared spectroscopy that can classify cognitive alterations in CLD. Behavioral findings showed that CIT performance was significantly worse in the patient group and CIT significantly correlated with neurocognitive evaluation (i.e., number connection test, digit span test). The findings indicated that CIT can measure auditory cognitive capacity and its difference existing between patient group and healthy controls. Additionally, optimal subsets classified the 16-dimensional haemodynamic data with 78.35% classification accuracy, yielding markers of cognitive alterations in the prefrontal regions (CH6, CH7, CH10, CH13, CH14, and CH16). The results confirmed the potential use of behavioral as well as haemodynamic responses to music perception as an alternative or supplementary method for evaluating cognitive alterations in chronic liver disease.
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INTRODUCTION

Chronic liver disease (CLD) is a progressive destruction of liver functions over a period more than 6 months leading to fibrosis and cirrhosis (Sharma and Nagalli, 2020). Depending on the severity of impairment, patients with CLD show the limited mental capacity, changes in psychomotor functions and/or hepatic coma (Bernthal et al., 1987; Brodersen et al., 2014; Filipović et al., 2018). CLD-related neurophysiological and psychometric dysfunctions vary, ranging from psychomotor speed to executive functioning (Ortiz et al., 2005; Zhan and Stremmel, 2012) and get worsened as approach to overt hepatic encephalopathy (HE) (Butterworth, 2000; Sánchez-Carrión et al., 2008). Patients with HE present with overt clinical symptoms, such as disorientation, and consciousness disorders, which contributes to an increased risk of death in cirrhotic patients (Bustamante et al., 1999; Weissenborn et al., 2001a, 2005; Bajaj et al., 2007a; Prasad et al., 2007; Stewart et al., 2007). Early detection of cognitive alteration in chronic liver disease is, thus, critical to predict the subsequent development of HE (Krieger et al., 1996; Romero-Gómez et al., 2001; Chen et al., 2013).

The current cognitive evaluation in chronic liver disease do not cater for cognitive functions in diverse sensory modalities. For example, the West Haven scale is a subjective and semi-quantitative clinical scale that classifies mental state changes (Conn et al., 1977; Groeneweg et al., 1998; Hartmann et al., 2000; Ferenci et al., 2002; Amodio et al., 2004). In addition, there is a battery of psychometric tests that aims to detect neurocognitive impairments, such as neuropsychological and perceptual motor dysfunction (Weissenborn et al., 2005), named the psychometric hepatic encephalopathy score (PHES). The PHES consists of five subtests, including the A and B number connection tests (NCT-A, NCT-B), the line tracing test (LTT), the serial dotting test (SDT), and the digit symbol test (DST) (Weissenborn et al., 2001b; Ferenci et al., 2002; Bajaj et al., 2009), a primarily paper-and-pencil test. The stimuli in these neurocognitive tasks are limited to visual perception and visuomotor agility and rarely provide information about cognitive alteration in auditory modality. Clinicians and researchers have emphasized to a novel method that employs another type of stimuli and tasks to detect cognitive alterations, and that is also time- and cost-effective (Bajaj et al., 2007b, 2008; Romero-Gómez et al., 2007; Sharma et al., 2013; Kircheis et al., 2014; Gupta et al., 2015), which is a central aim of this study.

In this study, we focused on the potential of auditory perception as a new evaluation task (Mehndiratta et al., 1990; Saxena et al., 2001). For instance, Mehndiratta et al. (1990) employed different modality tasks to detect hepatic encephalopathy (HE), auditory task as measured by brain stem auditory evoked potentials were found to be the most sensitive to indicate HE compared to visual and somatosensory evoked potentials. Event-related potentials (ERPs) using an auditory oddball test have been shown to have significantly delayed P300 components in patients with minimal hepatic encephalopathy (MHE, the earliest form of HE characterized by neurocognitive impairment; Stinton and Jayakumar, 2013) and in patients with cirrhosis compared to healthy adults (Ciećko-Michalska et al., 2006; Teodoro et al., 2008). In a similar vein, Moon et al. showed cirrhotic patients had longer latencies for N100, P200, N200, and P300 than healthy adults in the auditory oddball test (Moon et al., 2014). In particular, the N200 latency, a negative peak related to mismatch detection and executive cognitive control function (Folstein and Van Petten, 2008), was significantly prolonged in cirrhotic patients than in healthy adults. The authors suggested that both P300 and N200 were delayed due to a slowness in intracerebral nerve conduction and that the two EEG components can be considered to be the first signs of cerebral deterioration in HE (Moon et al., 2014).

Rather than the auditory oddball test, in which target and non-target stimuli are presented consecutively, this study employed melodic contour identification task (CIT) that is designed to measure the selectivity of auditory attention, which is the core characteristics of auditory information processing. Our previous studies confirmed the validity of using melodic CIT to measure the various types of attention in moderate-to-severe traumatic brain injury patients. Jeong (2013) validated that the melodic contour stimuli could distinguish the different types and capacities of auditory attention existing in the various age groups and that it is a valid and reliable test for auditory cognition. They also that melodic CITs can measure attentional and cognitive dysfunctions existing clinical populations (Jeong and Lesiuk, 2011). More recently, the updated and computerized version of the test was scaled up, showing that the different CITs could distinguish different cognitive loads (Jeong et al., 2018).

We also examined HbO2 (oxygenated hemoglobin) in the frontal lobe, which is known as an indicator of cognitive alterations in patients with chronic liver disease (Mendonça et al., 2013). Keiding and Pavese (2013) revealed that the cerebral oedema yields dysfunction in haemodynamic responses and, thus, it is the main cause of cognitive alterations in HE. Macias-Rodriguez et al. (2016) supported the idea that the severity of HE contributes to haemodynamic alteration, mainly caused by damage to the vascular system and dysfunction of auto-regulatory vascular responses. The prefrontal areas modulate diverse cognitive systems, such as attention, working memory, decision-making, and problem solving (Amodio et al., 2004; Felipo et al., 2012; Jao et al., 2015) and to receive projections from almost all processing levels in the superior temporal gyrus (Poremba et al., 2004; Kusmierek and Rauschecker, 2009; Kikuchi et al., 2010). With regards to oxygen changes, to a lesser extent, prefrontal activity has been examined with patients with MHE. To our best knowledge, there existed a single study examining oxygen consumption changes during cognitive performance at the prefrontal cortex using fNIRS. Nakanishi et al. (2014) compared regional HbO2 in cirrhotic patients without MHE and those with MHE during a word fluency task. Their findings showed a significant difference between groups in HbO2 changes over time. That is, HbO2 in the MHE group were gradually increased throughout tasks, while the non-MHE group showed recurrent patterns of abrupt increase and decrease in concentrations. Also, the increase in HbO2 upon stimulation was significantly delayed in the MHE group than in non-MHE group (i.e., 5 s after stimulus presentation). These findings were suggestive of HbO2 obtained from the frontal area can reflect cognitive alterations along with progress of liver disease.

Thus, the main purpose of this study was to examine the potential of the melodic CIT as a test for cognitive alterations following chronic liver disease. We measured behavioral performance using three subtests of the CIT (focused, selective, and alternating listening, respectively) and examined the criterion validity of CIT, in correlation with standard neurocognitive tests. We also examined whether changes in HbO2 can be indicative of cognitive alterations in chronic liver diseases, and whether the regions of the prefrontal cortex, known to modulate attention and cognition, can be specified to characterize the alterations in chronic liver disease. For this analysis, we employed a support vector machine (SVM) combined with an fNIRS to classify cognitive alterations following liver diseases, a technique which has been increasingly used to classify clinical and healthy populations. Monden et al. (2015) previously measured HbO2 during a go/no-go task and performed classification using a SVM algorithm. The findings of that algorithm yielded a 90% accuracy, indicating the potential of SVM as a tool for classifying and, thus, diagnosing children with attention deficit hyperactivity disorder (ADHD). In addition, Ichikawa et al. (2014) employed an exhaustive search method combined with SVM that explored all possible combinations of the fNIRS channels to classify children with ADHD and autism spectrum disorder (ASD).



METHODS


Participants

A total of 55 participants were included: 30 patients with chronic liver diseases (Male = 19, Female = 11), and 25 healthy controls (Male = 8, Female = 17) were matched by age and the level of education. Participants who had a <3 months of regular involvement in musical activities and/or professional training and who had a minimal ability to understand the spoken instruction were eligible to participate in the study. The diagnosis of liver disease was based on either a liver biopsy or the presence of portal hypertension and markers of hepatocyte synthetic dysfunction. We included patients who have been diagnosed as liver disease for more than 6 months. Participants with any of the following conditions were excluded: diabetes mellitus, systemic arterial hypertension, metabolic liver disease (hemochromatosis and Wilson's), personal history of stroke or cancer, use of neuropsychiatric drugs, neuropsychiatric disorders, current alcohol intake or smoking, rotating shift work, or acute inflammatory responses of infectious origin. Table 1 presents the demographics of the two groups.


Table 1. Participant demographics.
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Musical Stimuli and Tasks

Three melodic contours (ascending, stationary, descending) were adopted from Jeong and Ryu (2016). Melodic contours are a series of tones moving in different directions (i.e., ascending, descending, and stationary). Two different types of contours were combined consecutively to yield six test items (i.e., ascending and descending, ascending and stationary, stationary and ascending, stationary and descending, descending and ascending, descending and stationary). The presentation time of each test item was 5,250 ms, including two contours (2,250 ms for each) and inter-contour interval (750 ms). Figure 1 shows examples of the pitch contours used in the study.


[image: Figure 1]
FIGURE 1. Sample melodic contours. (A) Ascending and stationary contours, (B) ascending and descending contours.


The six test items were modulated in five different keys (G# to C major) and were presented using three instrument timbres (i.e., piano, flute, string), yielding a total of 90 test items. We selected the instruments based on a previous study that classified various musical instruments according to their spectral features of timbre, such as the harmonic structure, inharmonicity, and harmonic energy skewness (Agostini et al., 2003). The melodic contours were generated by a digital audio workstation (Logic Pro X, Apple Inc., Cupertino, CA, USA) with amplitude normalization. The experimental test was developed as a computerized version, using Visual Studio (Microsoft, Washington, DC, USA).

Contour identification tasks (CITs). The computerized version of the CIT was designed to measure different types of auditory attention and the associated cognitive load changes (Table 2). The task stimuli and task structures were adopted from previous studies (Jeong, 2013; Jeong and Ryu, 2016; Jeong et al., 2018) and modified for the current purpose. In CIT1, two consecutive contour directions were presented as target contour with environmental sounds, including traffic, raining, twittering, ticktack, bustling, laughing, gabbling, applause, crying, and jeering sounds. They were randomly presented against target contours (i.e., selective contour identification against environmental noise). In CIT2, participants were presented with target melodic contours against target-like distractors (i.e., another melodic contour played by different instrument timbres) and were asked to identify a target contour presented in a predetermined instrument timbre. In CIT3, two melodic contours were presented, while participants were asked to shift their attention from one to another target contour and identify the direction of contours. For both CIT2 and CIT3, a visual cue (e.g., a picture of an instrument) was shown on the computer screen to inform about the instrument timbre of target contour. For all CITs, the direction of melodic contours and instrument timbres were randomly selected.


Table 2. Structure of the CITs.

[image: Table 2]

CIT1 had no visual cues, however, in CIT2, a picture of an instrument that plays target contours was presented prior to presenting the item to inform which contour the participants selectively listened to. In CIT3, outlined boxes were additionally used to guide at which contours the participants selectively listened to and shifted from one to another instrument (see Figure 2). For example, the first outlined box appeared in the upper or lower line with the first set of contours, and the second box appeared with the second set of contours.


[image: Figure 2]
FIGURE 2. An example of an answer page given in a monitor with the musical stimuli (CIT3). The boxes were presented prior to presentation of each contour.




Haemodynamic Measurements

Oxygenated hemoglobin was measured to evaluate cognitive activation in participants and the loads imposed by the given tasks (Peck et al., 2013; Ogawa et al., 2014; Yasumura et al., 2014). For this evaluation, we employed an fNIRS and a non-invasive to monitor cortical tissue oxygenation (oxygenated hemoglobin, HbO2; deoxygenated hemoglobin, HHb) during cognitive, motor, and sensory stimulation. We used a 16-channel Spectratech OEG-16 (Shimadzu Co. Ltd., Kyoto, Japan) for the measurements (Figure 3). Task-related haemodynamic changes in HbO2 were recorded in 16 channels with a sampling rate of 0.65 s. In addition to the fNIRS data, we collected behavioral data, including task performance accuracy and reaction time.


[image: Figure 3]
FIGURE 3. Spectratech OEG-16. The locations of the 16 fNIRS channels along the frontal cortex. The center of the measurement unit was placed on the frontopolar (Fp) region according to the international 10–20 system.




Experimental Procedure

This study was approved by the Institutional Review Board of Hanyang Medical Centre (HYUH-2013-08-017-002). Healthy adults voluntarily participated and were recruited via physical and online advertisements and patients with CLD were recruited via Hanyang Medical Center. All participants gave written informed consent in accordance with the Declaration of Helsinki. All other experimental methods were performed in accordance with the relevant guidelines and regulations. Prior to the experiment, two medical doctors with 17 and 20 years of experience, respectively, met with the participants to determine the participation eligibility and administered neurocognitive tests.

After taking a 30-min break, the participants wore a band-type fNIRS containing an array of 12 probes on their forehead. Participants had a short rest period and then the pre-stimulus baseline data were obtained for 20 s while they fixated their eyes on the center of the monitor. A 20-s baseline was also obtained during inter-task rest periods and post-task period. Once the baseline data were obtained, the participants were presented with instruction and examples of melodic contours. Each of the three CITs started with brief instruction in terms of the task characteristics given in each CIT and how to respond to test items. Participants were also instructed to identify the directions of the target contours by clicking the arrow corresponding to the contour direction as accurate and immediate as possible. The contours were delivered via a headphone with controlled volume, while the visual cues specifying the target musical instrument were presented to the participants on a monitor. The participants underwent a practice session to become familiar with the direction identification task. When their accuracy was over 80%, the main experimental session was administered. A total of 18 test items were presented in each CIT (a blocked design) and the order of CIT was randomized across participants (Figure 4). The CITs took about 20 min to complete. The experiment was performed in a sound-proof room, in which light and temperature were controlled.


[image: Figure 4]
FIGURE 4. The flow of the experiment.




Signal Pre-processing

The fNIRS raw data were collected throughout the experiment and were converted into concentration changes of hemoglobin using the modified Beer–Lambert law (Baker et al., 2014). Subsequently, a zero-phase low- and high-pass filter with a cut off frequency from 0.01 to 0.09 Hz was applied to remove any noise from heartbeat pulsations and longitudinal signal drifts (Morren et al., 2004; Akgül et al., 2005; Bauernfeind et al., 2011). In this study, we employed an HbO2 index that was based on previous studies, which reported that HbO2 shows better classification performance than other measures (Li et al., 2015), especially for conditions with a high-dimensional feature and low sample sizes (Mourao-Miranda et al., 2005; Yoon et al., 2007). The obtained HbO2 values were standardized by subtracting the mean of 20-s pre-stimulus baselines in order to compare directly across participants and channels (Herff et al., 2013). Subsequently, the mean HbO2 during each CIT (CIT1, CIT2, CIT3) was calculated for each of the 16 channels. Since we found that the fNIRS response peak was delayed by a few seconds compared to the stimulus onset (Cui et al., 2010; Ichikawa et al., 2014), we eliminated the HbO2 from the first 3–10 s for the statistical analysis. Finally, we obtained 165 data points, including 90 from CL (including 30 from the MHE subgroup) and 75 from HC. We used the data as inputs and the diagnosis (HC, CL, MHE) of the groups as outputs.



Classification Using Support Vector Machines (SVMs)

In this study, we employed a linear SVM model with a repeated k-fold cross validation to solve classification problems between HC and patients with liver disease. K-fold cross validation method is one of the split sample methods that randomly divide data into k subsets, then one of the k subsets are used as the test set and the other k-1 subsets are used as training set. This process is iterated k times so that each subset is used as testing set then results are averaged (Kim, 2009; Mishra and Sahu, 2011). We adopted 5-fold cross validation with repeated 20 times to accurately estimate the generalized performance of the classification (Refaeilzadeh et al., 2009). Then, we evaluated classification performance using the MCC and the bACC, as described by previous studies (Sakiyama et al., 2008; Jiao and Du, 2016). The studies recommended the use of different evaluation methods to confirm high classification performance in practical application (Jiao and Du, 2016).

The standardized mean of HbO2 was trained in three different ways, including (1) eight channels from the right hemisphere (CH1–CH8), (2) eight channels from the left hemisphere (CH9–CH16), and (3) 16 channels from both hemispheres (CH1–CH16). The standardized HbO2 data from the eight channels from both hemispheres and the 16 channels have an 8-dimensional (28- 1 = 255 subsets) or 16-dimensional (216- 1 = 65,565 subsets) feature vector, respectively. The obtained HbO2 data were trained and classified to diagnose groups. SVMs have been applied previously for classification problems in various domains, and have yielded high generalization capability (Bennett and Campbell, 2000; Lotte et al., 2007). An SVM learns the relationship between the input and output, (i.e. classes) from the given set of data. In the feature vector space (Figure 5), the SVM algorithm creates a hyperplane that separates the input data into two classes with a maximum margin.


[image: Figure 5]
FIGURE 5. SVM classification.


The following equation describes the hyperplane of SVM.

[image: image]

Where w is the normal vector to the hyperplane, the two classes are represented as follows:
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where xi is the ith example of the training data and yi is its label.

Once we trained the SVM model, the weight vector w is known. To test the model, we put a test sample into the left side of the Equation (1). If the value was more than 0, the sample was classified as positive. If the value was <0, the sample was classified as negative.



Evaluation

To evaluate the trained model, we first computed the confusion matrix shown in Table 3. A confusion matrix describes the classification result of the test samples by counting the number of true positives, true negatives, false positives, and false negatives. If both actual and predicted classes of a sample are positives, the sample is a true positive; similarly, the sample is a true negative when both classes are negatives. If the actual class of a sample is positive but the predicted class of the sample is negative, then the sample is a false negative. If the actual class of a sample is negative but the predicted class is positive, the sample is a false positive.


Table 3. Confusion matrix.
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From the confusion matrix, the basic performance measures were calculated according to the following equations:
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Sensitivity is the probability to correctly predict the samples that are actually classed as positive. It is an indicator that assess the ability of a model to identify positive samples. Specificity also assess a model's ability to correctly to correctly predict the samples whose class is actually negative. Accuracy is the ability of a model to correctly identify classes for all samples. However, accuracy could lead to evaluation errors when the data is imbalanced. If one class is a majority class, the real performance of the other class cannot be reflected accurately. Moreover, sensitivity and specificity are not proper measures to study the balanced performance. For a balanced evaluation, the following measure was used.
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We assessed a modified classification performance measure using a MCC, which is used widely in biomedical research (Van't Veer et al., 2002; Boughorbel et al., 2017). MCC considers all of the confusion matrix categories (true positives, true negatives, false positives, false negatives), making it suitable for providing a more balanced value when the sample numbers between groups were imbalanced (Brodersen et al., 2010; Powers, 2011). Because of a difference in the number of samples in our patients (CL = 30, and HC = 25), we adopted the MCC to classify performance measures. MCC values range between −1 and +1. If an MCC coefficient is +1, it means the classifier can perfectly predict the class of the data. An MCC coefficient = 0 means that it is not different from a random prediction, and a −1 coefficient means it totally mispredicts the class. Also, we considered the bACC, which is the average of sensitivity and specificity since it is also one of the ways to solve an imbalanced dataset (Brodersen et al., 2010; Powers, 2011), for our accuracy measurements. All statistical procedures were performed using R.




RESULTS

We analyzed behavioral responses to CITs and performed classifications between patients with chronic liver disease (CL) and healthy controls (HC) using HbO2. HbO2 was obtained from 16 fNIRS channels located in the prefrontal cortex. We employed SVM with the exhaustive search method and grouped three data sets, including (1) 8-dimension dataset obtained from the right hemisphere (CH1–CH8), (2) 8-dimension dataset obtained from the left hemisphere (CH9–CH16), and (3) 16-dimension dataset obtained from the bilateral hemispheres (CH1–CH16). For each of these three datasets, we trained the SVM and evaluated its classification accuracy using Matthew correlation coefficient (MCC) and the balanced accuracy (bACC).


Behavioral Responses

Table 4 shows the mean accuracy and reaction time for the CL and HC groups on the CIT. The mean accuracy in the HC group was the highest for CIT1(0.75), and was followed by the CIT2 score (0.48). Accuracy in the HC was lowest (0.46) when an attention shift was required between two concurrent melodic contours during CIT3. A similar trend was found across the CITs for the CL group (decreasing from 0.62 to 0.32). However, accuracy declined considerably between both the CIT1 and CIT2 and between the CIT2 and CIT3, while the HC group showed an obvious decrease only between CIT1 and CIT2. Reaction time showed a similar trend between HC and CL groups, and was the shortest in the CIT1 and the longest in the CIT3.


Table 4. Statistical difference of CIT performance between groups.
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A two-way mixed ANOVA [i.e., Group (CL, HC) × Task (CIT1, CIT2, CIT3)] was performed to validate accuracy and reaction time. For accuracy, there was a significant main effect of the Task [F(2, 110) = 65.566, p < 0.001], indicating that CIT performance for both groups worsened significantly as the CITs became more difficult. The pairwise post hoc comparison using the Bonferroni correction revealed that CIT1 was significantly better than CIT2 (p < 0.001), and that CIT2 was significantly better than CIT3 (p < 0.01). We also found a significant interaction between the Group and Task [F(2, 110) = 3.114, p < 0.05]. Interestingly, the pairwise post-hoc comparison revealed that the CL group performed significantly better in the CIT2 than in the CIT3 (p < 0.001), while the HC group showed similar performances in the CIT2 and CIT3 (p > 0.05). There was a significant main effect of the Task [F(2, 110) = 6.126, p < 0.01] on the response time. The pairwise post hoc comparison using the Bonferroni correction revealed that only the CL group performed significantly worse in the CIT3 than CIT1 and CIT2 (p < 0.05, respectively). Table 4 present the statistical difference of behavioral performance between groups. Our behavioral findings collectively indicated that patients with chronic liver disease showed significantly worse auditory perception and cognition, specifically between CIT2 and CIT3. Additionally, we performed a correlation analysis to examine the criterion validity of the CITs. Table 5 presents the correlations between the CITs and neurocognitive evaluations.


Table 5. Correlation between CIT and neurocognitive evaluation tests.
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Classification of Hemodynamic Responses

Further, we classified the differences in haemodynamic responses to CIT1 and CIT2 between HC and CL in combination with an SVM and an exhausted feature selection method. We decided to exclude CIT3 since our behavioral findings clearly showed that CIT3 was too difficult for CL group and, thus, haemodynamic response to CIT3 might not indicate appropriate cognitive load in this group. With the analysis, we found a total of 15 subsets that classified the data more accurately into two groups among the 255 subtests (five each for the right, left, and bilateral hemispheres, respectively). Table 6 presents the classification performance for each of the 15 subsets. The classification performance was higher for the right hemisphere (MCC = 0.451) than the left hemisphere (MCC = 0.317). The compute score of sensitivity and specificity was also higher for the right hemisphere (bACC = 69.75%) than in the left (bACC = 64.50%) hemisphere. The classification performance was best with CH6, CH7, CH10, CH13, CH14, and CH16 (MCC = 0.577, bACC = 78.35%), indicating that the inclusion of HbO2 obtained from the bilateral hemisphere yielded better classification performance than values obtained from the unilateral hemispheres. After an additional t-test, we found that classification performance of the bilateral subset was significantly higher than that of the right and left hemisphere subsets (p < 0.001, respectively).


Table 6. Classification accuracy between HC and CL data sets.

[image: Table 6]

Further, we created a matrix plot using 50 subsets and constructed features that correspond to the classification performance of each subtest. Figure 6 shows that CH6, CH7, CH10, CH13, CH14, and CH16 are effective features. This indicated that HbO2 in CH6, CH7, and CH10 were higher in the CL than in the HC, and that the HbO2 in CH13, CH14, and CH16 were lower in the CL than in the HC. Further, our findings suggest that the frontal areas of each hemisphere were intercommunicating, so it was necessary to include subsets from both hemispheres to yield better classification performance.


[image: Figure 6]
FIGURE 6. Classification performance for the bilateral hemisphere between CL and HC. The upper panel (A) represents classification performance for the best 50 out of 65,565 subsets. The lower panel (B) shows the weight vector of each channel matched in the subsets. MCC, Matthew Correlation Coefficient. Red indicates higher HbO2 in the CL, while blue indicates higher HbO2 in the HC.





DISCUSSION

In this study, we examined the potential of melodic CITs to evaluate cognitive alterations in chronic liver disease. Our behavioral findings indicated that CITs can differentiate changes in auditory perception and cognition in patients with chronic liver disease from healthy controls. Correlation analysis using standard neurocognitive evaluations revealed that CITs had good criterion validity and potential for measuring cognitive alterations that occur in chronic liver disease. Then, we applied SVMs with 5-fold cross validation to the haemodynamic responses obtained during the CIT performance to classify cognitive alterations in patients with chronic liver disease. We exhaustively searched all subsets of the measurement channels and evaluated each classification performance by repeating the 5-fold cross validation method 20 times. Our findings yielded an optimal subset for the classification of the haemodynamic data with 78.35% accuracy. Our results indicated that the subsets obtained bilaterally can better classify the differences that exist between HC and patients with CL. Also, we found channel features that could specify between groups. Three channels (CH13, CH14, CH16) in the left dorsolateral prefrontal cortex (DLPFC), one channel (CH6) in the right orbitofrontal cortex (OFC), and two channels (CH7, CH10) in the right frontopolar area (FP) were important for the classification of CL from HC. Figure 7 summarizes the channel specific findings and clearly shows haemodynamic difference existing between groups.


[image: Figure 7]
FIGURE 7. Differences of haemodynamic responses between the HC and CL groups.


From the behavioral findings, we found poorer overall CIT performance in the CL than in the HC group, and the difference was more obvious between CIT2 and CIT3. The findings indicated that overall auditory cognition deteriorated in the CL group. Given that CIT1 and CIT2 involve auditory selective attention and that CIT3 involves auditory alternating attention, the cognitive threshold of patients with CLD might be auditory alternating attention (or cognitive flexibility). The current findings resembled previous findings where selective attention (Felipo et al., 2012) and cognitive flexibility (Yang et al., 2018) deteriorated in patients with liver-related diseases. The tasks employed in the previous studies are visual-oriented, so our findings revealed that the deterioration of selective attention and of cognitive flexibility exists similarly in an auditory modality.

Additional correlation analyses indicated that CIT can measure modality-general cognitive abilities and evaluate auditory cognitive deficits in chronic liver disease. In the CL and HC groups, the NCT-A and NCT-B highly correlated with the accuracy and reaction time of CITs. Correlations with DST were specific to groups. DST-Forward significantly correlated with accuracy and reaction time in the HC group, but this was not significant for the CL group (except for the accuracy of CIT3 and CIT total). DST-Backward significantly correlated with accuracy only in the HC group—not for the CL group. DST measures auditory working memory (DST-Forward) and auditory executive function (DST-Backward; Soltani et al., 2018). The current findings might indicate that the HC group utilized auditory working memory and executive function appropriately while performing CITs. The CL group, on the other hand, utilized these functions limitedly during CIT performance. The findings from correlation analyses further suggest that dysfunctions in higher auditory cognition (i.e., processing sequential auditory information) might be one of the characteristics of auditory cognitive deficits in the CL group.

From the classification of haemodynamic responses, we found that the channel features in this study were intriguing. Firstly, HbO2 values obtained from the left DLPFC (CH13, CH14, CH16) in the CL group were lower as compared to the HC group, indicating that patient group consumed less cognitive resources during the CIT performances than healthy adult group. DLPFC regions modulate higher order cognitive systems, such as working memory, decision-making, and problem solving (Amodio et al., 2004; Felipo et al., 2012; Jao et al., 2015). Also, this region is progressively impaired as liver disease advances (Chen et al., 2014), which can be a result of decreased blood flow and reduced glucose uptake activity in the frontal region (Lockwood et al., 1991, 2002). Ni et al. reported that patients with liver disease showed decreased functional coherence in the bilateral prefrontal cortex as the disease progressed (Felipo et al., 2012; Ni et al., 2012; Zhang et al., 2012). Taken together, deactivation in the left DLPFC observed in patients with chronic liver disease seemed to bring poor CIT performance, which can be indicative of cognitive alterations and inattention. Current inactivity of HbO2 in the DLPFC, thus, can be a useful feature to classify patients with chronic liver disease from healthy adults.

In addition, HbO2 values obtained from the right FP (CH7, CH10) were greater in the CL group as compared to HC group. The right frontopolar area, which corresponds to BA10, is involved in a variety of cognitive performances, ranging from simple to highly complex tasks (Burgess et al., 2007; Turner et al., 2008). This area receives projections from almost all processing levels in the superior temporal gyrus (Poremba et al., 2004; Kusmierek and Rauschecker, 2009; Kikuchi et al., 2010), and is known for its engagement in abstract representations of auditory information in organized thought (Medalla and Barbas, 2014). Further, lower activations in DLPFC and greater activation in FP in CL than HC group together indicated that healthy adults seemed to assign their cognitive resources on a higher-order cognitive function while patients with CL placed them in a more general attention and auditory cognition. The current findings possibly suggested a compensatory mechanism that reflects the recruitment and reallocation of cognitive resources due to the liver disease (Qi et al., 2012). Lastly, HbO2 values obtained from the CH6 were greater in the CL than HC group. CH6 receives signals from the FP (BA10), as well as the OFC (BA11). Note that BA11 is known for its role in emotional behaviors, especially in evaluating the emotional valence of external stimuli (Rolls, 2004; Powell et al., 2017). Huang et al. (2016) for example reported that the level of BA11 activation is indicative of an individuals' aesthetic experience. Greater activation CH6 in the CL than in the HC were, thus, possibly due to our participants' aversion or appetite for the auditory stimuli given in CITs rather than features of specific alterations that could be used to diagnose cirrhotic chronic liver disease.



LIMITATION

The results of this study provide new information regarding the use multiple prefrontal area channels in the diagnosis of cognitive alterations in chronic liver disease. Our study preliminarily utilized auditory/music processing as an evaluation task in chronic liver disease, but it includes a small sample size (N = 55) and a skewed female-to-male ratio. Some previous studies have reported gender difference issues in patients with chronic liver disease (Tsai et al., 2015; Barreira et al., 2019). This issue remains controversial, and findings differ depending on the subtypes of cognitive functions and the types of tasks. In this study, the comparison of cognitive functions between males and females was limited by the insufficient sample size. In future upscaled studies, we will directly address this issue by controlling the sample size and gender ratio to investigate the possible influence of gender difference on cognitive functions in chronic liver disease. It is alsonecessary to confirm that auditory attention is affected in chronic liver disease and that it has potential as a biomarker for MHE detection.

Also, there is little doubt that the important aspects of attention and cognition are associated with other brain regions. As the full associations between attention and cognition were not comprehensively covered due to the physical limitations of our fNIRS device, the caveats of our study should be considered when inferring its relationship with overall activations in the cortex. Emergent advances in fNIRS technology that provide more channels should make it possible to cover more regions of the brain in future studies to examine compensatory mechanisms for cognitive alterations in chronic liver disease.



CONCLUSIONS

In this study, we applied an SVM model with an exhaustive method, as suggested by Ichikawa et al. (2014), to classify the haemodynamic responses during auditory perception. This method was performed successfully and yielded chronic liver disease-specific channel features. Given that the majority of assessment stimuli are visual, these findings implicated the importance of auditory processing in evaluating cognitive alterations in chronic liver disease (Mehndiratta et al., 1990; Sawhney et al., 1997; Saxena et al., 2001; Moon et al., 2012). Second, by virtue of recent brain imaging technology, such as the fNIRS, changes in oxygenated hemoglobin in the prefrontal areas were examined in a time and cost-effective manner. There were several channels that differentiated group-specific cognitive alterations that were reflected in the auditory/music perception. The left DLPFC and frontopolar areas played a task-specific role, while the right DLPFC played a modality- and stimulus-specific role in classification. Lastly, SVMs combined with an exhaustive search method was effective in classifying multivariate haemodynamic data since it allowed us to extrapolate an optimized combination from all possible combinations. Auditory/music perception tasks identified cognitive alterations in chronic liver diseases, which is frequently observed but not yet clearly explained; thus, this method combined with CITs could potentially serve as a supplementary evaluation of cognitive functions in the early detection of HE.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation, to any qualified researcher.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Institutional Review Board of Hanyang Medical Centre (HYUH-2013-08-017-002). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

GJ and EJ conceived and designed the experiments. DJ recruited participants and arranged individual experiments. EJ performed the experiments and edited the manuscript. GJ, Y-MK, DJ, and EJ analyzed, interpreted the data, and wrote the manuscript. GJ and EJ prepared tables and figures. All authors reviewed the manuscript.



FUNDING

This work was supported by the Ministry of Education of the Republic of Korea and the National Research Foundation of Korea (NRF-2018S1A5A2A03034582).



REFERENCES

 Agostini, G., Longari, M., and Pollastri, E. (2003). Musical instrument timbres classification with spectral features. Eurasip J. Appl. Signal Proces. 1:943279. doi: 10.1155/S1110865703210118

 Akgül, C. B., Sankur, B., and Akin, A. (2005). Spectral analysis of event-related hemodynamic responses in functional near infrared spectroscopy. J. Comput. Neurosci. 18, 67–83. doi: 10.1007/s10827-005-5478-2

 Amodio, P., Montagnese, S., Gatta, A., and Morgan, M. Y. (2004). Characteristics of minimal hepatic encephalopathy. Metab. Brain Dis. 19, 253–267. doi: 10.1023/B:MEBR.0000043975.01841.de

 Bajaj, J. S., Hafeezullah, M., Franco, J., Varma, R. R., Hoffmann, R. G., Knox, J. F., et al. (2008). Inhibitory control test for the diagnosis of minimal hepatic encephalopathy. Gastroenterology 135, 1591–1600 e1. doi: 10.1053/j.gastro.2008.07.021

 Bajaj, J. S., Hafeezullah, M., Hoffmann, R. G., and Saeian, K. (2007a). Minimal hepatic encephalopathy: a vehicle for accidents and traffic violations. Am. J. Gastroenterol. 102, 1903–1909. doi: 10.1111/j.1572-0241.2007.01424.x

 Bajaj, J. S., Saeian, K., Verber, M. D., Hischke, D., Hoffmann, R. G., Franco, J., et al. (2007b). Inhibitory control test is a simple method to diagnose minimal hepatic encephalopathy and predict development of overt hepatic encephalopathy. Am. J. Gastroenterol. 102, 754–760. doi: 10.1111/j.1572-0241.2007.01048.x

 Bajaj, J. S., Wade, J. B., and Sanyal, A. J. (2009). Spectrum of neurocognitive impairment in cirrhosis: implications for the assessment of hepatic encephalopathy. Hepatology 50, 2014–2021. doi: 10.1002/hep.23216

 Baker, W. B., Parthasarathy, A. B., Busch, D. R., Mesquita, R. C., Greenberg, J. H., and Yodh, A. G. (2014). Modified Beer-Lambert law for blood flow. Biomed. Opt. Express 5:4053. doi: 10.1364/BOE.5.004053

 Barreira, D. P., Marinho, R. T., Bicho, M., Flores, I., Fialho, R., and Ouakinin, S. (2019). Hepatitis C pretreatment profile and gender differences: cognition and disease severity effects. Front. Psychol. 10, 1–9. doi: 10.3389/fpsyg.2019.02317

 Bauernfeind, G., Scherer, R., Pfurtscheller, G., and Neuper, C. (2011). Single-trial classification of antagonistic oxyhemoglobin responses during mental arithmetic. Med. Biol. Eng. Comput. 49:979. doi: 10.1007/s11517-011-0792-5

 Bennett, K. P., and Campbell, C. (2000). Support vector machines: hype or hallelujah? Acm Sigkdd Explor. Newsl. 2, 1–13. doi: 10.1145/380995.380999

 Bernthal, P., Hays, A., Tarter, R. E., Van Thiel, D., Lecky, J., and Hegedus, A. (1987). Cerebral CT scan abnormalities in cholestatic and hepatocellular disease and their relationship to neuropsychologic test performance. Hepatology 7, 107–114, doi: 10.1002/hep.1840070122

 Boughorbel, S., Jarray, F., and El-Anbari, M. (2017). Optimal classifier for imbalanced data using Matthews Correlation Coefficient metric. PLoS ONE 12:e0177678. doi: 10.1371/journal.pone.0177678

 Brodersen, C., Koen, E., Ponte, A., Sánchez, S., Segal, E., Chiapella, A., et al. (2014). Cognitive function in patients with alcoholic and nonalcoholic chronic liver disease. J. Neuropsychiatry Clin. Neurosci. 26, 241–248, doi: 10.1176/appi.neuropsych.12040091

 Brodersen, K. H., Ong, C. S., Stephan, K. E., and Buhmann, J. M. (2010). “The balanced accuracy and its posterior distribution,” in Pattern recognition (ICPR), 2010 20th international conference on (IEEE) (Istanbul), 3121–3124. doi: 10.1109/ICPR.2010.764

 Burgess, P. W., Gilbert, S. J., and Dumontheil, I. (2007). Function and localization within rostral prefrontal cortex (area 10). Philos. Trans. R. Soc. London B Biol. Sci. 362, 887–899. doi: 10.1098/rstb.2007.2095

 Bustamante, J., Rimola, A., Ventura, P. J., Navasa, M., Cirera, I., Reggiardo, V., et al. (1999). Prognostic significance of hepatic encephalopathy in patients with cirrhosis. J. Hepatol. 30, 890–895, doi: 10.1016/S0168-8278(99)80144-5

 Butterworth, R. F. (2000). Complications of cirrhosis III. Hepatic encephalopathy. J. Hepatol. 32(Supp.1), 171–180. doi: 10.1016/S0168-8278(00)80424-9

 Chen, H.-J., Jiao, Y., Zhu, X.-Q., Zhang, H.-Y., Liu, J.-C., Wen, S., et al. (2013). Brain dysfunction primarily related to previous overt hepatic encephalopathy compared with minimal hepatic encephalopathy: resting-state functional MR imaging demonstration. Radiology 266, 261–270. doi: 10.1148/radiol.12120026

 Chen, H.-J., Wang, Y., Zhu, X.-Q., Li, P.-C., and Teng, G.-J. (2014). Classification of cirrhotic patients with or without minimal hepatic encephalopathy and healthy subjects using resting-state attention-related network analysis. PLoS ONE 9:e89684. doi: 10.1371/journal.pone.0089684

 Ciećko-Michalska, I., Senderecka, M., Szewczyk, J., Panasiuk, A., Słowik, A., Wyczesany, M., et al. (2006). Event-related cerebral potentials for the diagnosis of subclinical hepatic encephalopathy in patients with liver cirrhosis. Adv. Med. Sci. 51, 273–277.

 Conn, H. O., Leevy, C. M., Vlahcevic, Z. R., Rodgers, J. B., Maddrey, W. C., Seeff, L., et al. (1977). Comparison of lactulose and neomycin in the treatment of chronic portal-systemic encephalopathy: a double blind controlled trial. Gastroenterology 72, 573–583. doi: 10.1016/S0016-5085(77)80135-2

 Cui, X., Bray, S., and Reiss, A. L. (2010). Functional near infrared spectroscopy (NIRS) signal improvement based on negative correlation between oxygenated and deoxygenated hemoglobin dynamics. Neuroimage 49, 3039–3046. doi: 10.1016/j.neuroimage.2009.11.050

 Felipo, V., Ordoño, J. F., Urios, A., El Mlili, N., Giménez-Garz,ó, C., Aguado, C., et al. (2012). Patients with minimal hepatic encephalopathy show impaired mismatch negativity correlating with reduced performance in attention tests. Hepatology 55, 530–539. doi: 10.1002/hep.24704

 Ferenci, P., Lockwood, A., Mullen, K., Tarter, R., Weissenborn, K., and Blei, A. T. (2002). Hepatic encephalopathy—definition, nomenclature, diagnosis, and quantification. Hepatology 35, 716–721. doi: 10.1053/jhep.2002.31250

 Filipović, B., Marković, O., Urić, V., and Filipović, B. (2018). Cognitive changes and brain volume reduction in patients with nonalcoholic fatty liver disease. Can. J. Gastroenterol. Hepatol. 2018:9638797. doi: 10.1155/2018/9638797

 Folstein, J. R., and Van Petten, C. (2008). Influence of cognitive control and mismatch on the N2 component of the ERP: a review. Psychophysiology 45, 152–170. doi: 10.1111/j.1469-8986.2007.00602.x

 Groeneweg, M., Quero, J. C., De Bruijn, I., Hartmann, I. J. C., Essink-Bot, M. L., Hop, W. C. J., et al. (1998). Subclinical hepatic encephalopathy impairs daily functioning. Hepatology 28, 45–49. doi: 10.1002/hep.510280108

 Gupta, D., Ingle, M., Shah, K., Phadke, A., and Sawant, P. (2015). Prospective comparative study of inhibitory control test and psychometric hepatic encephalopathy score for diagnosis and prognosis of minimal hepatic encephalopathy in cirrhotic patients in the Indian subcontinent. J. Dig. Dis. 16, 400–407. doi: 10.1111/1751-2980.12248

 Hartmann, I. J. C., Groeneweg, M., Quero, J. C., Beijeman, S. J., De Man, R. A., Hop, W. C. J., et al. (2000). The prognostic significance of subclinical hepatic encephalopathy. Am. J. Gastroenterol. 95, 2029–2034. doi: 10.1111/j.1572-0241.2000.02265.x

 Herff, C., Heger, D., Putze, F., Hennrich, J., Fortmann, O., and Schultz, T. (2013). “Classification of mental tasks in the prefrontal cortex using fNIRS,” in Engineering in Medicine and Biology Society (EMBC), 2013 35th Annual International Conference of the IEEE (Osaka: IEEE), 2160–2163. doi: 10.1109/EMBC.2013.6609962

 Huang, P., Huang, H., Luo, Q., and Mo, L. (2016). The difference between aesthetic appreciation of artistic and popular music: evidence from an fMRI study. PLoS ONE 11:e0165377. doi: 10.1371/journal.pone.0165377

 Ichikawa, H., Kitazono, J., Nagata, K., Manda, A., Shimamura, K., Sakuta, R., et al. (2014). Novel method to classify hemodynamic response obtained using multi-channel fNIRS measurements into two groups: exploring the combinations of channels. Front. Hum. Neurosci. 8:480. doi: 10.3389/fnhum.2014.00480

 Jao, T., Schröter, M., Chen, C.-L., Cheng, Y.-F., Lo, C.-Y. Z., Chou, K.-H., et al. (2015). Functional brain network changes associated with clinical and biochemical measures of the severity of hepatic encephalopathy. Neuroimage 122, 332–344. doi: 10.1016/j.neuroimage.2015.07.068

 Jeong, E. (2013). Psychometric validation of a music-based attention assessment: revised for patients with traumatic brain injury. J. Music Ther. 50, 66–92. doi: 10.1093/jmt/50.2.66

 Jeong, E., and Lesiuk, T. L. (2011). Development and preliminary evaluation of a music-based attention assessment for patients with traumatic brain injury. J. Music Ther. 48, 551–572. doi: 10.1093/jmt/48.4.551

 Jeong, E., and Ryu, H. (2016). Melodic contour identification reflects the cognitive threshold of aging. Front. Aging Neurosci. 8:134. doi: 10.3389/fnagi.2016.00134

 Jeong, E., Ryu, H., Jo, G., and Kim, J. (2018). Cognitive load changes during music listening and its implication in earcon design in public environments: an fNIRS study. Int. J. Environ. Res. Public Health 15:2075. doi: 10.3390/ijerph15102075

 Jiao, Y., and Du, P. (2016). Performance measures in evaluating machine learning based bioinformatics predictors for classifications. Quant. Biol. 4, 320–330. doi: 10.1007/s40484-016-0081-2

 Keiding, S., and Pavese, N. (2013). Brain metabolism in patients with hepatic encephalopathy studied by PET and MR. Arch. Biochem. Biophys. 536, 131–142. doi: 10.1016/j.abb.2013.05.006

 Kikuchi, Y., Horwitz, B., and Mishkin, M. (2010). Hierarchical auditory processing directed rostrally along the monkey's supratemporal plane. J. Neurosci. 30, 13021–13030. doi: 10.1523/JNEUROSCI.2267-10.2010

 Kim, J.-H. (2009). Estimating classification error rate: repeated cross-validation, repeated hold-out and bootstrap. Comput. Stat. Data Anal. 53, 3735–3745. doi: 10.1016/j.csda.2009.04.009

 Kircheis, G., Hilger, N., and Häussinger, D. (2014). Value of critical flicker frequency and psychometric hepatic encephalopathy score in diagnosis of low-grade hepatic encephalopathy. Gastroenterology 146, 961–969 e11. doi: 10.1053/j.gastro.2013.12.026

 Krieger, S., Jauss, M., Jansen, O., Theilmann, L., Geissler, M., and Krieger, D. (1996). Neuropsychiatric profile and hyperintense globus pallidus on T1-weighted magnetic resonance images in liver cirrhosis. Gastroenterology 111, 147–155. doi: 10.1053/gast.1996.v111.pm8698193

 Kusmierek, P., and Rauschecker, J. P. (2009). Functional specialization of medial auditory belt cortex in the alert rhesus monkey. J. Neurophysiol. 102, 1606–1622. doi: 10.1152/jn.00167.2009

 Li, Z., Wang, Y., Quan, W., Wu, T., and Lv, B. (2015). Evaluation of different classification methods for the diagnosis of schizophrenia based on functional near-infrared spectroscopy. J. Neurosci. Methods 241, 101–110. doi: 10.1016/j.jneumeth.2014.12.020

 Lockwood, A. H., Weissenborn, K., Bokemeyer, M., Tietge, U., and Burchert, W. (2002). Correlations between cerebral glucose metabolism and neuropsychological test performance in nonalcoholic cirrhotics. Metab. Brain Dis. 17, 29–40. doi: 10.1023/A:1014000313824

 Lockwood, A. H., Yap, E. W. H., Rhoades, H. M., and Wong, W.-H. (1991). Altered cerebral blood flow and glucose metabolism in patients with liver disease and minimal encephalopathy. J. Cereb. Blood Flow Metab. 11, 331–336. doi: 10.1038/jcbfm.1991.66

 Lotte, F., Congedo, M., Lécuyer, A., Lamarche, F., and Arnaldi, B. (2007). A review of classification algorithms for EEG-based brain–computer interfaces. J. Neural Eng. 4:R1. doi: 10.1088/1741-2560/4/2/R01

 Macias-Rodriguez, R. U., Ilarraza-Lomelí, H., Ruiz-Margáin, A., Ponce-de-León-Rosales, S., Vargas-Vorácková, F., García-Flores, O., et al. (2016). Changes in hepatic venous pressure gradient induced by physical exercise in cirrhosis: results of a pilot randomized open clinical trial. Clin. Transl. Gastroenterol. 7:e180. doi: 10.1038/ctg.2016.38

 Medalla, M., and Barbas, H. (2014). Specialized prefrontal “auditory fields”: organization of primate prefrontal-temporal pathways. Front. Neurosci. 8:77. doi: 10.3389/fnins.2014.00077

 Mehndiratta, M. M., Sood, G. K., Sarin, S. K., and Gupta, M. (1990). Comparative evaluation of visual, somatosensory, and auditory evoked potentials in the detection of subclinical hepatic encephalopathy in patients with nonalcoholic cirrhosis. Am. J. Gastroenterol. 85, 799–803.

 Mendonça, E. B. S., Muniz, L. F., de Carvalho Leal, M., and da Silva Diniz, A. (2013). Applicability of the P300 frequency pattern test to assess auditory processing. Braz. J. Otorhinolaryngol. 79, 512–521. doi: 10.5935/1808-8694.20130091

 Mishra, D., and Sahu, B. (2011). Feature selection for cancer classification: a signal-to-noise ratio approach. Int. J. Sci. Eng. Res. 2, 1–7.

 Monden, Y., Dan, I., Nagashima, M., Dan, H., Uga, M., Ikeda, T., et al. (2015). Individual classification of ADHD children by right prefrontal hemodynamic responses during a go/no-go task as assessed by fNIRS. NeuroImage Clin. 9, 1–12. doi: 10.1016/j.nicl.2015.06.011

 Moon, J. H., Jun, D. W., Yum, M. K., Lee, K. N., Lee, H. L., Lee, O. Y., et al. (2014). Prolonged N200 is the early neurophysiologic change in the patient with minimal hepatic encephalopathy. Scand. J. Gastroenterol. 49, 604–610. doi: 10.3109/00365521.2013.878382

 Moon, S.-S., Lee, Y.-S., and Kim, S. W. (2012). Association of nonalcoholic fatty liver disease with low bone mass in postmenopausal women. Endocrine 42, 423–429. doi: 10.1007/s12020-012-9639-6

 Morren, G., Wolf, M., Lemmerling, P., Wolf, U., Choi, J. H., Gratton, E., et al. (2004). Detection of fast neuronal signals in the motor cortex from functional near infrared spectroscopy measurements using independent component analysis. Med. Biol. Eng. Comput. 42, 92–99. doi: 10.1007/BF02351016

 Mourao-Miranda, J., Bokde, A. L. W., Born, C., Hampel, H., and Stetter, M. (2005). Classifying brain states and determining the discriminating activation patterns: support vector machine on functional MRI data. Neuroimage 28, 980–995. doi: 10.1016/j.neuroimage.2005.06.070

 Nakanishi, H., Kurosaki, M., Nakanishi, K., Tsuchiya, K., Noda, T., Tamaki, N., et al. (2014). Impaired brain activity in cirrhotic patients with minimal hepatic encephalopathy: Evaluation by near-infrared spectroscopy. Hepatol. Res. 44, 319–326. doi: 10.1111/hepr.12127

 Ni, L., Qi, R., Zhang, L. J., Zhong, J., Zheng, G., Zhang, Z., et al. (2012). Altered regional homogeneity in the development of minimal hepatic encephalopathy: a resting-state functional MRI study. PLoS ONE 7:e42016. doi: 10.1371/journal.pone.0042016

 Ogawa, Y., Kotani, K., and Jimbo, Y. (2014). Relationship between working memory performance and neural activation measured using near-infrared spectroscopy. Brain Behav. 4, 544–551. doi: 10.1002/brb3.238

 Ortiz, M., Jacas, C., and Córdoba, J. (2005). Minimal hepatic encephalopathy: diagnosis, clinical significance and recommendations. J. Hepatol. 42(Supp.1), S45–S53, doi: 10.1016/j.jhep.2004.11.028

 Peck, E. M. M., Yuksel, B. F., Ottley, A., Jacob, R. J. K., and Chang, R. (2013). “Using fNIRS brain sensing to evaluate information visualization interfaces,” in Proceedings of the SIGCHI Conference on Human Factors in Computing Systems (ACM) (Paris), 473–482. doi: 10.1145/2470654.2470723

 Poremba, A., Malloy, M., Saunders, R. C., Carson, R. E., Herscovitch, P., and Mishkin, M. (2004). Species-specific calls evoke asymmetric activity in the monkey's temporal poles. Nature 427, 448–451. doi: 10.1038/nature02268

 Powell, J. L., Grossi, D., Corcoran, R., Gobet, F., and Garcia-Finana, M. (2017). The neural correlates of theory of mind and their role during empathy and the game of chess: a functional magnetic resonance imaging study. Neuroscience 355, 149–160. doi: 10.1016/j.neuroscience.2017.04.042

 Powers, D. M. (2011). Evaluation: from precision, recall and F-measure to ROC, informedness, markedness and correlation. J. Mach. Learn. Technol. 2, 37–63.

 Prasad, S., Dhiman, R. K., Duseja, A., Chawla, Y. K., Sharma, A., and Agarwal, R. (2007). Lactulose improves cognitive functions and health-related quality of life in patients with cirrhosis who have minimal hepatic encephalopathy. Hepatology 45, 549–559. doi: 10.1002/hep.21533

 Qi, R., Zhang, L. J., Xu, Q., Zhong, J., Wu, S., Zhang, Z., et al. (2012). Selective impairments of resting-state networks in minimal hepatic encephalopathy. PLoS ONE 7:e37400. doi: 10.1371/journal.pone.0037400

 Refaeilzadeh, P., Tang, L., and Liu, H. (2009). “Cross-validation,” in Encyclopedia of Database Systems, eds L. Liu and M. T. Özsu (New York, NY: Springer), 532–538. doi: 10.1007/978-0-387-39940-9_565

 Rolls, E. T. (2004). The functions of the orbitofrontal cortex. Brain Cogn. 55, 11–29. doi: 10.1016/S0278-2626(03)00277-X

 Romero-Gómez, M., Boza, F., Garcia-Valdecasas, M. S., Garcia, E., and Aguilar-Reina, J. (2001). Subclinical hepatic encephalopathy predicts the development of overt hepatic encephalopathy. Am. J. Gastroenterol. 96, 2718–2723. doi: 10.1111/j.1572-0241.2001.04130.x

 Romero-Gómez, M., Córdoba, J., Jover, R., Del Olmo, J. A., Ramírez, M., Rey, R., et al. (2007). Value of the critical flicker frequency in patients with minimal hepatic encephalopathy. Hepatology 45, 879–885. doi: 10.1002/hep.21586

 Sakiyama, Y., Yuki, H., Moriya, T., Hattori, K., Suzuki, M., Shimada, K., et al. (2008). Predicting human liver microsomal stability with machine learning techniques. J. Mol. Graph. Model. 26, 907–915. doi: 10.1016/j.jmgm.2007.06.005

 Sánchez-Carrión, R., Gómez, P. V., Junqu,é, C., Fernández-Espejo, D., Falcon, C., Bargall,ó, N., et al. (2008). Frontal hypoactivation on functional magnetic resonance imaging in working memory after severe diffuse traumatic brain injury. J. Neurotrauma 25, 479–494. doi: 10.1089/neu.2007.0417

 Sawhney, I. M. S., Verma, P. K., Dhiman, R. K., Chopra, J. S., Sharma, A., Chawla, Y. K., et al. (1997). Visual and auditory evoked responses in acute severe hepatitis. J. Gastroenterol. Hepatol. 12, 554–559. doi: 10.1111/j.1440-1746.1997.tb00484.x

 Saxena, N., Bhatia, M., Joshi, Y. K., Garg, P. K., and Tandon, R. K. (2001). Auditory P300 event-related potentials and number connection test for evaluation of subclinical hepatic encephalopathy in patients with cirrhosis of the liver: a follow-up study. J. Gastroenterol. Hepatol. 16, 322–327. doi: 10.1046/j.1440-1746.2001.02388.x

 Sharma, A., and Nagalli, S. (2020). Chronic Liver Disease. Treasure Island, FL: StatPearls Publishing. Available online at: http://europepmc.org/books/NBK554597 (accessed July 05, 2020).

 Sharma, P., Kumar, A., Singh, S., Tyagi, P., and Kumar, A. (2013). Inhibitory control test, critical flicker frequency, and psychometric tests in the diagnosis of minimal hepatic encephalopathy in cirrhosis. Saudi J. Gastroenterol. Off. J. Saudi Gastroenterol. Assoc. 19, 40–44. doi: 10.4103/1319-3767.105924

 Soltani, M., Fatemeh Emami Dehcheshmeh, S., Moradi, N., Hajiyakhchali, A., Majdinasab, N., Mahmood Latifi, S., et al. (2018). Comparing executive functions in bilinguals and monolinguals suffering from relapsing- remitting multiple sclerosis. J. Mod. Rehabil. Sclerosis.12, 133–139.

 Stewart, C. A., Malinchoc, M., Kim, W. R., and Kamath, P. S. (2007). Hepatic encephalopathy as a predictor of survival in patients with end-stage liver disease. Liver Transplant. 13, 1366–1371. doi: 10.1002/lt.21129

 Stinton, L. M., and Jayakumar, S. (2013). Minimal hepatic encephalopathy. Can. J. Gastroenterol. 27, 572–574. doi: 10.1155/2013/547670

 Teodoro, V., Bragagnolo Jr, M., Lucchesi, L., Kondo, M., and Tufik, S. (2008). Evaluation of the event-related potential (ERP-P300) in patients with hepatic cirrhosis without encephalopathy. Arq. Gastroenterol. 45, 82–86. doi: 10.1590/S0004-28032008000100015

 Tsai, C. F., Chu, C. J., Huang, Y. H., Wang, Y. P., Liu, P. Y., Lin, H. C., et al. (2015). Detecting minimal hepatic encephalopathy in an endemic country for hepatitis B: the role of psychometrics and serum IL-6. PLoS ONE 10, 1–11. doi: 10.1371/journal.pone.0128437

 Turner, M. S., Simons, J. S., Gilbert, S. J., Frith, C. D., and Burgess, P. W. (2008). Distinct roles for lateral and medial rostral prefrontal cortex in source monitoring of perceived and imagined events. Neuropsychologia 46, 1442–1453. doi: 10.1016/j.neuropsychologia.2007.12.029

 Van't Veer, L. J., Dai, H., Van De Vijver, M. J., He, Y. D., Hart, A. A. M., Mao, M., et al. (2002). Gene expression profiling predicts clinical outcome of breast cancer. Nature 415, 530–536. doi: 10.1038/415530a

 Weissenborn, K., Ennen, J. C., Schomerus, H., Rückert, N., and Hecker, H. (2001a). Neuropsychological characterization of hepatic encephalopathy. J. Hepatol. 34, 768–773. doi: 10.1016/S0168-8278(01)00026-5

 Weissenborn, K., Giewekemeyer, K., Heidenreich, S., Bokemeyer, M., Berding, G., and Ahl, B. (2005). Attention, memory, and cognitive function in hepatic encephalopathy. Metab. Brain Dis. 20, 359–367. doi: 10.1007/s11011-005-7919-z

 Weissenborn, K., Heidenreich, S., Ennen, J., and Hecker, H. (2001b). Attention deficits in minimal hepatic encephalopathy. Metab. Brain. Dis. 16, 13–19. doi: 10.1023/A:1011654210096

 Yang, Z. T., Chen, H. J., Chen, Q. F., and Lin, H. (2018). Disrupted brain intrinsic networks and executive dysfunction in cirrhotic patients without overt hepatic encephalopathy. Front. Neurol. 9:14. doi: 10.3389/fneur.2018.00014

 Yasumura, A., Inagaki, M., and Hiraki, K. (2014). Relationship between neural activity and executive function: an NIRS study. ISRN Neurosci. 2014:734952. doi: 10.1155/2014/734952

 Yoon, U., Lee, J.-M., Im, K., Shin, Y.-W., Cho, B. H., Kim, I. Y., et al. (2007). Pattern classification using principal components of cortical thickness and its discriminative pattern in schizophrenia. Neuroimage 34, 1405–1415. doi: 10.1016/j.neuroimage.2006.11.021

 Zhan, T., and Stremmel, W. (2012). The diagnosis and treatment of minimal hepatic encephalopathy. Dtsch. Arztebl. Int. 109, 180–187. doi: 10.3238/arztebl.2012.0180

 Zhang, L., Qi, R., Wu, S., Zhong, J., Zhong, Y., Zhang, Z., et al. (2012). Brain default-mode network abnormalities in hepatic encephalopathy: a resting-state functional MRI study. Hum. Brain Mapp. 33, 1384–1392. doi: 10.1002/hbm.21295

Conflict of Interest: GJ was employed by the company Daehong Communications Inc.

The remaining 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 © 2020 Jo, Kim, Jun and Jeong. 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-14-535775-t006.jpg
Hemisphere Best subset

Right 27
34,7
12478
3467
2467
Left 9,13,16
913
9,13,15
9,12,13,14,15
9,10,13
Bilateral 6,7,10,13,14,16
67,10,12,13,14,16
1.2,6.7,12,13,16
46,79,13,14,16
4678131416

N = 255 subtests for the right and left hemispheres, N

Mcc

0.451
0.435
0.366
0.364
0.363
0317
0.309
0.296
0274
0.245
0577
0575
0571
0.560
0.548

bACC

69.76%
71.05%
69.40%
68.75%
62.25%
64.50%
63.65%
62.66%
60.80%
61.50%
78.35%
78.00%
77.45%
77.45%
76.70%

= 65565 subtests for

the bilateral hemisphere. Best subsets indicated a group of the channels that
ielded optimum classification accuracy. MCC, Matthew Correlation Coefficient; bACC,

balanced Accuracy.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Pitch Processing Can Indicate Cognitive Alterations in Chronic Liver Disease: An fNIRS Study



		Introduction



		Methods



		Participants



		Musical Stimuli and Tasks



		Haemodynamic Measurements



		Experimental Procedure



		Signal Pre-processing



		Classification Using Support Vector Machines (SVMs)



		Evaluation







		Results



		Behavioral Responses



		Classification of Hemodynamic Responses







		Discussion



		Limitation



		Conclusions



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		References

















OPS/images/fnhum-14-535775-t005.jpg
Accuracy T
cir2
o3
Total
Reactiontime  OIT1
a2
a3
Total

NCT, Number Connection Test (Time to completion, sec); DST, Digit Span Test (Number of correct answers).
= 55 for this correlation analysis

N
‘v < 0.01, *p < 0.05.

NCT-A

—0.673"
—0.565™
—0.593*
—0.691*
0.753*
0.670"
0.692**
0.752*

NCT-B

—0.546"
-0.520"
—0.459*
-0.573"
0.567*
0576
0.666*
0.602*

cL

DST-Forward

0.32
038
0.415*
0.416"
—-0.248
—-0.289
-0.386
-0.311

DST-Backward

0.325
033
0.367
0.383
-0.332
-0.231
—0.182
-0.279

NCT-A

-03
—0.438*
-0.418*
—0.409"
0.752**
0.626*
0.721*
0.723*

NCT-B

—0.470*
—-0.429"
—0.473*
—0.499"
0.759"
0.649"
0.714*
0.732**

HC

DST-Forward

0.660"
0.466"
0.521*
0.666™
-0.431"
—-0.380"
—0.467"*
—0.435"

DST-Backward

0.558*
0.398"
0.414*
0.509"
—0.304
-0.24
-0.319
-0.295





OPS/images/math_2.gif
wix;+b>1fory; = 1, (2)





OPS/images/math_1.gif
(1)





OPS/images/fnhum-14-535775-t004.jpg
Reaction time

Accuracy
CL (N =30) HC (N = 25) CL (N =30)
M sp M sD M D
oIt 062* 0.30 0.759 028 8576.44" 81634
ciT2 0.45° 023 0.48°" 025 9505.72% 1154.55
a3 032° 021 0.462 026 11139.099 1490.87

CL, Patients with chronc lver disease; HC, Healthy control group; M, Mean; SD, Stenderd Deviation.
Different superscript letters in the same column indicate statistical significance.

p < 0.001 for the pairs of aand b, band ¢, c and a, d and e', d and 2.
p < 0.05 for the pairs of f1 and g, £ and g. The pairs of ' and &2, f and £, h', W2, and h did not show any statistical significance (o > 0.05).

HC (N = 25)

M sD
5799.34 894.26"
6695.61 1264.74"
692638 163317





OPS/images/fnhum-14-535775-t003.jpg
Predicted Class

Positive Negative

Actual Class Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)









OPS/images/crossmark.jpg
©

2

i

|





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





OPS/images/fnhum-14-535775-g005.gif





OPS/images/fnhum-14-535775-g006.gif
rlll }|:|”|' .

I|I IIIIl






OPS/images/fnhum-14-535775-g003.gif





OPS/images/fnhum-14-535775-g004.gif





OPS/images/fnhum-14-535775-t002.jpg
Target  Distractor  Given task Cognitive load

CIrt Melodic ~ Environmental ~ Selective Low
contour  sounds identification-Basic

cir2 Melodic ~ Target-like Selective
contour  contours identification-Advanced

cIr3 Melodic  Target-like Alternating

contour  contours
High

CIT, contour identification task.





OPS/images/fnhum-14-535775-g007.gif
Rit

HC Group

R

CLGrow

w






OPS/images/fnhum-14-535775-t001.jpg
CL (N =30) HC (N = 25) p-value

Mean SD Mean SD
Age (years) 55.80 691 5464+ 594 0205
Education (years)  10.80 367 1348+ 8.10 0394

CL, Patients with chronic liver disease; HC, Healthy control group.
N = 55 for this correlation analysis.





OPS/images/cover.jpg
’ frontiers .
in Human Neuroscience

Pitch Processing Can Indicate
Cognitive Alterations in Chronic
Liver Disease: An fNIRS Study





OPS/images/fnhum-14-535775-g001.gif
—ir

sunonsycsnon

e

pscending comtout





OPS/images/math_7.gif





OPS/images/fnhum-14-535775-g002.gif
Al
e
R|R
ol
A
e

RIR





OPS/images/math_9.gif
&





OPS/images/math_8.gif
TP-IN — FP-FN

MCC = — T )P T PN+ PN 7T





OPS/images/math_4.gif





OPS/images/math_3.gif
wix;+b=s—1fory;

(3)





OPS/images/math_6.gif





OPS/images/math_5.gif





