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Abstract 

 Cognitive deficits are often present in major depressive disorder (MDD) and 

negatively impact functional outcomes. However, it remains challenging to assess these 

impairments in clinical and research settings. Smartphone applications provide the 

opportunity to measure cognitive impairments in an accessible way. In this study, 24 

individuals with MDD and 34 healthy controls (HC) completed the Trail Making Tests 

(TMT), and the smartphone-based versions, named the Jewels Trail Tests (JTT). 

Significant positive relationships between the JTT and TMT were observed with a 

moderate concurrent validity for Parts A and strong concurrent validity for Parts B. The 

intraclass correlations showed moderate test-retest reliability for Part A of the JTT and 

good reliability for Part B. This study did not find significant differences between the 

MDD and HC groups completion time. Lastly, higher sleep quality was associated with a 

faster completion time on the speed processing task over a period of three months. 

 

Keywords: depression, cognitive deficits, smartphone application, cognitive assessments, 

speed of processing, executive function 
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Introduction 
 

Major depressive disorder (MDD) is characterized by a decreased interest or 

pleasure in daily activities, depressed mood, weight changes, sleep and psychomotor 

disturbances, fatigue, feelings of worthlessness, difficulties concentrating, and suicidal 

ideation (American Psychiatric Association, 2013). MDD represents a major public 

health concern, with global estimates indicating that about 10.8% of individuals are 

affected by this condition (Lim et al., 2018). MDD is a leading cause of disability 

worldwide and accounts for 40.5% of the global diseases caused by psychiatric 

disorders, in terms of years of disability and years of life lost due to premature 

mortality (Whiteford et al., 2013; World Health Organization, 1992). Costs of MDD 

include mortality predominantly from suicide, diminished functioning, increased 

clinical morbidity, and significant reduction of quality of life (Klerman, 1992).  

MDD is also related to decreased work productivity and poor social functioning 

(Rizvi et al., 2015; Stewart et al., 2003). Wilhelm and colleagues (2003) analyzed data 

from an Australian National Survey and observed that unemployment was the strongest 

correlate of MDD. Moreover, Dooley and colleagues (2000) found that MDD 

symptoms amongst youth with employment in their early thirties predicted a loss of 

employment two years later. The economic burden of MDD in 2000 in the U.S.A was 

estimated at $83.1 billion (Greenberg et al., 2015). Moreover, dysfunctional social 

interactions are correlated with decreased work performance, unemployment, disability 

(Rizvi et al., 2015) and remain persistent even after three years of remission 

(Rhebergen et al., 2010). Psychosocial impairments related with MDD were higher in 

the social role domain, leading to reduced marital and interpersonal functioning, than 
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in the work role domain (Fink & Shapiro, 2013; Hirschfeld et al., 2002; Kessler et al., 

2003).  

Amongst the symptoms that MDD patients most frequently reported, cognitive 

deficits were predominant (Albert et al., 2016). These dysfunctions are meaningful 

predictors of relapse or recurrence of the illness despite pharmacotherapy and 

psychological interventions (Majer et al., 2004). Cognitive symptoms impact several 

domains, namely executive functioning, processing speed, attention, and memory 

(Rock et al., 2014). Cognitive disorders tend to persist even during remission of 

clinical symptoms. Indeed, they are present 80-90% of the time during episodic phases 

and 40-45% of the time during remission phases (Conradi et al., 2011). They have also 

emerged as predictors of overall functioning (Jaeger et al., 2006). Processing speed and 

executive functioning have been found to specifically impact daily functioning in 

MDD (Nakano et al., 2008). Indeed, poor cognitive health such as deficits in 

processing speed and executive functioning may be partly responsible for patients’ 

failure to return to work (Baune et al., 2010; Woo et al., 2016). Several factors may 

exacerbate cognitive dysfunctions in patients with MDD. Accumulating evidence has 

supported that sleep is fundamental to healthy cognitive functioning and lack of sleep 

may impact several cognitive domains (Alhola & Polo-Kantola, 2007). Nevertheless, 

limited research has explored the relationship between MDD, sleep and cognitive 

functioning (Wu et al., 2019).  

Cognitive symptoms should be regarded as critical targets of assessment. 

However, no clinical guidelines have been provided to clinicians and healthcare 

providers in terms of cognitive evaluations for MDD (Trivedi & Greer, 2014). The 
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current neuropsychological batteries present numerous challenges such as involving 

long hours of assessments and entailing extensive training for the clinical assessors 

(Dagum, 2018; Howieson, 2019; Torous & Powell, 2015; Torous et al., 2019). 

Moreover, subjective reports of cognitive deficits in MDD are not correlated with 

objective reports of cognitive health (Naismith et al., 2007). 

Utilizing smartphone-based assessments may be a feasible and cost-effective 

option to monitor the cognitive functioning and behavioral patterns in patients with 

MDD (Torous et al., 2019). These transportable tests can assess cognition in numerous 

environments. The mobile assessments can allow continuous tracking of cognitive 

functioning, reduce retrospective recall with real-time data collection and assess daily 

fluctuations (Torous et al., 2014).  The goal of the technology is to augment the ability 

of healthcare providers to appropriately assess cognition in individuals with depressive 

symptoms (Torous et al., 2014). The MindLAMP smartphone application is a free 

application that has been developed by our team at the Beth Israel Deaconess Medical 

Center at Harvard Medical School (Torous et al., 2019). The MindLAMP is a digital 

mental health application used by clinicians and researchers to collect, store, and share 

data from individuals with mental health disorders. The application was designed to be 

flexible and customizable to the patient’s needs and preferences. It provides the 

opportunity for researchers and clinicians to utilize an engaging and usable platform 

for patients with MDD (Torous et al., 2019). Numerous smartphone applications 

utilized for mental health purposes cannot be used by individuals with serious 

psychiatric disorders due to the lack of knowledge and confidence with the technology 

(Sarkar et al., 2016). The MindLAMP application also supported the development of 



 
 
  

4 SMARTPHONE-BASED ASSESSMENTS FOR DEPRESSION 

two cognitive assessments called the Jewels-A (JTT A) and Jewels-B (JTT B) tests, 

which stem from the validated Trail Making Test A and B (Reitan & Wolfson, 1985; 

Torous et al., 2019). Like the TMT, the test involves a Part A assessing processing 

speed and participants are asked to tap the jewel-shaped numbers on their screen in 

sequential order from 1 to 25 as fast as possible. In Part B, which measures executive 

functioning, participants are asked to alternate between two different shapes of 

diamond of the same number while continuing to tap the numbers in sequential order 

from 1 to 25. Preliminary evidence shows that it is feasible to use these MindLAMP 

cognitive tests with other mental disorders such as schizophrenia (Liu et al., 2019). 

However, the tests remain to be validated to assess cognitive functioning in individuals 

with MDD. 

This study examined whether the MindLAMP smartphone-based cognitive 

assessments can monitor processing speed and executive function in individuals with 

MDD.  

Cognitive Deficits in Major Depressive Disorder 

Investigation of cognitive symptoms of MDD was for a long time secondary 

after mood symptoms. It is only in the past decade that interest has heightened about 

neuropsychological dysfunctions relating to MDD. Traditionally, the physical and 

emotional domains have been emphasized in the assessment and treatment of the 

illness (Richardson & Adams, 2018). However, up to two-thirds of acutely depressed 

people experience neurocognitive deficits (Krol et al., 2011; Olesen et al., 2012; Rock 

et al., 2014; Thomas & Morris, 2003). A systematic review and meta-analysis on 

cognitive impairment during episodic phases of MDD observed significant moderate 
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deficits in attention, executive function and memory when compared to healthy 

controls. Furthermore, the meta-analysis observed that patients remitted from MDD 

also exhibited cognitive deficits compared to a healthy control group (Rock et al., 

2014). Neuropsychological dysfunctions have been identified at the onset of the 

disorder during the first episode and in young adults who developed MDD later in life 

(Lee et al., 2012). Tsourtos and colleagues (2002) observed evidence of early 

information processing speed deficit in younger patients with MDD. Indeed, patients 

showed cognitive slowing compared to healthy control groups. These findings infer 

that deficits in cognition can be present at the early stages of the disease. 

In addition to the well-established presence of more severe cognitive deficits in 

active phases of MDD, evidence indicates that cognitive impairment may persist after 

clinical remission. Cognitive symptoms in MDD last longer than the acute episodes 

(Conradi et al., 2011). Over 30% of patients whose clinical symptoms have resolved, 

reported residual cognitive problems, including reduced processing speed, reduced 

attentional mechanisms, apathy, word-finding difficulty, and mental slowness 

(Harrison et al., 2018). Residual symptoms have also been observed 44% of the time in 

remitted primary-care patients with MDD (Conradi et al., 2011) Shimizu and 

colleagues (2013) examined the link between neuropsychological dysfunction and 

quality of life in individuals with remitted MDD. Patients in remission had poorer 

cognitive performances compared to age and education matched controls, specifically 

for attention, verbal memory and psychomotor speed. Cognitive deficits can occur 

during, before or after a depressive episode and worsen after each consecutive episode 

(Keefe et al., 2014; Semkovska et al., 2019). Therefore, repeated episodes of MDD 
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may increase vulnerability for additional cognitive deficits and require constant 

monitoring (Ragguett et al., 2016). 

Cognitive Dysfunction Related to Functional Decline in Major Depressive Disorder 
 

Cognitive symptoms are important contributors to functional decline in MDD 

(Conradi et al., 2011). A wide range of cognitive domains namely, executive functions, 

memory, processing speed, attention, and language, are strongly affected and impact 

productivity performance (Burt et al., 1995; Caligiuri & Ellwanger, 2000; Evans et al., 

2014; Ravnkilde et al., 2002; Sobin & Sackeim, 1997).  Decreased concentration and 

deficits in executive functioning are present in over 70% of medicated patients 

(McClintock et al., 2011). Godard and colleagues (2011) found that individual 

diagnosed with MDD were the most impaired in information processing, with a 

majority of patients exhibiting impairments in executive function. Indeed, all patients 

experienced negative effects on work functioning (Godard et al., 2011). Accumulating 

evidence suggests that lasting cognitive symptoms in MDD play an important role in 

patients’ functional recovery (Cambridge et al., 2018; Jaeger et al., 2006). A body of 

research supports the notion that cognitive dysfunctions are related to psychosocial 

deficits, particularly in the domains of professional functioning, interpersonal 

functioning, and daily obligations (Baune et al., 2010; Evans et al., 2014; Gotlib & 

Joormann, 2010).  

Cognitive dysfunctions related to MDD may play a role in the patients’ ability 

to perform in the workplace (Woo et al., 2016). Due to the early age of onset and the 

chronic course of illness, MDD has a large influence on work efficiency (Druss et al., 

2000). Indeed, cognitive dysfunction is associated with unemployment status (Baune et 
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al., 2010). Poor cognitive health may be partly responsible for patient’s failure to return 

to work. Baune and colleagues (2010) revealed that only cognitively recovered patients 

were able to successfully restart their employment, indicating that cognition is an 

important factor that contributes to the burden of disease. Godard and colleagues 

(2012) aimed to characterize psychosocial and cognitive profiles in patients 

experiencing a major depressive episode. All participants had psychosocial 

impairments, characterized by occupational dysfunctions. At a 12-month time point 

follow-up, work-related, psychosocial impairments, and neurocognitive impairments, 

were present and impacted the daily functioning of patients (Godard et al., 2012). 

Furthermore, a study also evaluated the effect of cognitive symptoms on daily 

functioning in MDD including occupational functioning (McIntyre, 2013). The 

researchers observed that dysfunctions in psychomotor processing speed, executive 

function, attention and working memory speed were the largest influence on work 

performance.  

Cognitive dysfunction, particularly in the domains of processing speed and 

executive functioning have been related to functional disability in MDD. Processing 

speed is defined as the amount of time it takes a person to complete a task requiring 

cognitive effort (Tsourtos et al., 2002). This domain is impaired in individuals with 

MDD and affects daily functioning (Caligiuri & Ellwanger, 2000; Evans et al., 2014; 

Sobin & Sackeim, 1997). A systematic review observed that processing speed was one 

of the cognitive domains engendering deficits in psychosocial functioning (Evans et al., 

2014).  Patients will often report that their mental speed is slow (O'Connor et al., 1990) 

and are less able to carry out tasks in a timely manner (Godard et al., 2011). Moreover, 
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Kalb and colleagues (2006) found that reaction time to take decisions is slower in 

individuals with MDD compared to control participants. Therefore, processing speed 

affects work productivity reducing decision making abilities (Clark et al., 2016). 

Executive functioning pertains to a broad range of higher order cognitive 

functions, including working memory, cognitive flexibility, impulse inhibition, and 

planning. Dysfunctions in that area is considered to be an indicator of cognitive 

impairment in MDD (Miyake et al., 2000). Kiosses and Alexopoulos (2005) suggested 

that executive functioning deficits had a mediating effect on the association between 

MDD and impaired daily functioning. Executive dysfunction can also be a predictive 

factor of suicidality (Dombrovski et al., 2008). This deficit was found among depressed 

patients with suicide attempts but not among depressed patients with no history of 

suicidality, it appears that patients with suicidal ideations have impaired executive 

functioning (Keilp et al., 2013, Keilp et al., 2001). Executive functioning has been 

related to occupational functioning in people with MDD (Godard et al., 2011). 

Previous research that examined the relationship between cognition and psychosocial 

functioning found that performance in executive functioning and psychomotor speed 

was associated with functional outcomes (Withall et al., 2009). 

Sleep Disturbances and Cognitive Functioning 

Sleep is essential in the consolidation of neuronal connections and to process 

new information (Chambers, 2017). A wealth of research supports the necessity of sleep 

for healthy brain functioning. Sleep deprivation can affect a wide array of cognitive 

functions, and these can include attention, memory and decision-making (Alhola & 

Polo-Kantola, 2007). Also, MDD has been recognized as a significant risk factor for 
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sleep dysfunctions (Nutt et al., 2008). Although sleep is a symptom of MDD, research 

has shown that lack of sleep can also play a role in worsening other depressive 

symptoms (Riemann et al., 2001). It can affect the relapse, the severity, and the duration 

of the mood disorder (Franzen & Buysse, 2008). Sleep symptoms in MDD have been 

found in both clinical and epidemiological studies (Argyropoulos & Wilson, 2005). In a 

longitudinal study of adults with MDD, sleep symptoms occurred in more than 50% 

aged between 21 and 30 (Breslau et al., 1996). Approximately 75% of patients with 

MDD will report difficulties in initiating or maintaining sleep (Yates et al., 2007). A 

national survey study based in the United Kingdom interviewed 8580 depressed 

individuals and found that 80% had at least one insomnia symptom. These numbers 

were higher for patients aged between 55-to-64-years with an average of 90% of the 

sample reporting insomnia (Stewart et al., 2006).  Sleep disturbances create an important 

distress and impact the quality of life of those affected (Nutt et al., 2008). One study 

observed that 59% of patients with MDD indicated that poor sleep affected their quality 

of life and a large number reported that the difficulties were present at the onset of the 

disorder (Paterson et al., 2009). Indeed, it is well documented that patients with MDD 

present physiological changes in their sleep architecture (Benca et al., 1992).  An 

impaired hypothalamic–pituitary–adrenal axis and abnormal neurotransmitter levels 

may be responsible for this relationship (Murphy & Peterson, 2015). An imbalance of 

interaction between cholinergic and adrenergic mechanisms promotes sleep 

abnormalities in depressed individuals. 

From a neuropsychological perspective, it appears that poor sleep impacts the 

prefrontal cortex and interferes with higher functions including executive functioning 
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(Drummond et al., 1999; Horne, 1993; McCrae et al., 2012). Wimmer and colleagues 

(1992) examined the impact of sleep deprivation on cognitive flexibility and processing 

speed. A sample of university students were sleep-deprived and completed cognitive 

testing the following day. The participants with less sleep demonstrated a lower 

performance on the Trail Making Test compared to control participants. Therefore, it 

appears that sleep maintains cognitive functions and restores attentional mechanisms. 

Furthermore, a study observed that poor sleepers exhibited worse executive functioning 

compared to good sleepers (Nebes et al., 2009). Additionally, measures of sleep 

fragmentation, sleep onset latency and sleep efficiency were associated with a reduced 

cognitive ability. The adverse effects of sleep disturbances observed in laboratory 

designs have also been confirmed in ecological settings (Philibert, 2005; Samkoff & 

Jacques, 1991). Healthcare workers engaged in more errors during repetitive tasks when 

sleep deprived (Otmani et al., 2005). Furthermore, professional drivers and military 

personnel who lack sleep have also shown a deterioration in attention and alertness 

(Russo et al., 2005).  

 Evidence from observational studies support the relationship between sleep 

disturbances and cognition (Chen et al., 2012; Cricco et al., 2001; Foley et al., 2004; 

Killgore, 2010; Merlino et al., 2010). Yaffe and colleagues (2014) suggested that 

biological mechanisms such as sleep wake cycles may accelerate brain ageing and the 

development of cognitive impairments in populations at risk for dementia. Moreover, 

sleep and MDD are strongly associated with cognitive dysfunction. A recent study 

sought to examine the relationship between depressive symptoms, poor sleep and 

cognitive impairments in community-dwelling participants (Wu et al., 2019).  The 
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results indicated that difficulty in initiating sleep was a complete mediator of the adverse 

effect of MMD on cognitive impairment. These findings suggest that assessing sleep 

symptoms is necessary in order to manage MDD and cognitive deficits. Furthermore, de 

Almondes and colleagues (2016) investigated the association between sleep symptoms, 

executive functioning and subjective depressive symptoms in 95 older adults. MDD and 

sleep complaints interaction would determine worse executive functioning and working 

memory performances than these two conditions alone. These data are important as 

executive functions are predictors of neurodegenerative diseases and a history of MDD 

may increase the risk factor for the development of dementia (Geerlings et al., 2008; 

Muliyala & Varghese, 2010; Speck et al., 1995). Nevertheless, the extent to which sleep 

quality is related to depression-related cognitive impairments such as processing speed 

and executive functioning remains unknown.  Therefore, additional research is 

warranted to explore the impact of sleep quality on cognitive functioning in individuals 

with MDD.  

Limitations of Cognitive Assessments 
 

Given the persistence of cognitive symptoms during both active and remitted 

phases of the illness and its relationship with daily functioning, continuous monitoring 

of cognition is consequential (McIntyre, 2013; Ragguett et al., 2016). Nevertheless, no 

guidelines have been developed to provide appropriate assessments of neurocognitive 

deficits in clinical settings (Trivedi & Greer, 2014). The evaluation of cognition in 

individuals with MDD comes with numerous practical challenges. In clinical practice, 

detailed in-depth objective assessments of cognition are time consuming. Additionally, 

they require the participant to interrupt their daily routine. Utilizing a complete 
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neuropsychological battery in patients with MDD taxes sparse resources including staff 

and space (Casaletto & Heaton, 2017). Therefore, the cognitive tests are impractical as 

they are episodic, time consuming and only provide a limited amount of data (Dagum, 

2018). Furthermore, there is currently no consensus on what constitutes an appropriate 

cognitive assessment in MDD (Bakkour et al., 2014). Some patients tend to over-report 

cognitive symptoms when explicitly asked, while others rarely report cognitive 

problems to health care professionals due to embarrassment or fear of being diagnosed 

with dementia (Iverson & Lam, 2013).  

Self-report questionnaires and interviews are the backbones of clinical and 

cognitive assessments (Baumeister et al., 2007). A recurrent limitation is the collection 

of retrospective instead of real-time reports (Csikszentmihalyi & Larson, 1987). 

Subjective reports of cognitive deficits in MDD are not correlated with objective 

reports of cognitive health (Naismith et al., 2007). Indeed, there is a high degree of 

discordance between subjective cognitive scales and objective performance, which 

necessitates the systematic assessment of both (Popkin et al., 1982). It is common for 

individuals with MDD to assume that their cognitive deficits will spontaneously 

resolve because the clinical symptoms improve (Antikainen et al., 2001). Numerous 

questionnaires measuring the severity of depressive symptoms solely include a limited 

number of items regarding cognitive symptoms (McIntyre, 2013). For example, the 

Montgomery–Åsberg Depression Rating Scale (Montgomery & Asberg, 1979) is 

comprised of 10 items and only two address cognitive symptoms. Furthermore, 

validated screening assessments for cognitive impairments such as the Montreal 

Cognitive Assessment and the Mini-Mental Status Exam may not be sensitive enough 
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to detect subtle changes in cognition amongst young adults with MDD (McIntyre, 

2013; Ragguett et al., 2016). Sensitivity is defined as the proportion of positive 

observations (e.g., patients with MDD) correctly identified, while specificity is referred 

to the proportion of negative observations (e.g. healthy controls) correctly identified. It 

follows, that the higher the specificity and sensitivity, the better the performance of the 

tests at distinguishing between healthy controls and patients with MDD (Parikh et al., 

2008). A short cognitive assessment, sensitive to a change in functioning, suitable as a 

repeated measure and with a broad conceptual coverage does not currently exist 

(McIntyre et al., 2015; Ragguett et al., 2016). This highlights the necessity to conduct 

more research investigating whether the systematic assessment of cognitive function 

improves outcomes in MDD. To date, several clinician-friendly assessments are in the 

process of being validated for MDD like the THINC-it screening tool, but brief and 

feasible options are limited for a straightforward implementation in clinical settings 

(Harrison et al., 2018). 

Advantages of Using a Smartphone Application to Assess Cognition and Behavior 

Traditionally, neuropsychological assessments have been completed in-person 

typically involving an administrator (Strauss et al., 2006). Health providers require years 

of training to practice neuropsychological testing and produce complete reports on 

patient’s cognitive impairments. The resources in clinical settings such as psychiatric 

hospitals are limited, therefore it is not practical for clinicians to evaluate all MDD 

patients with cognitive testing. Moreover, burdens of neuropsychological test 

administration and practice effects hinder the possibility of continuous sampling to 

examine longitudinal assessments (Bauer et al., 2012). Smartphone-based assessments 
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may be a feasible intermediate option between self-reports and comprehensive 

neuropsychological batteries to provide cognitive monitoring. Mobile technology can 

support evaluations of cognitive functioning in the patient’s home or workplace. 

Ecological momentary assessment is one method that involves repeated assessments in a 

naturalistic setting. First, ecological momentary assessments can monitor cognitive health 

in real-time and enhances our understanding of cognitive dynamics. Furthermore, this 

method can reduce retrospective recall bias by decreasing the reliance on episodic 

memory which can be fallacious. Third, it allows to capture brief symptomatic 

experiences and daily fluctuations (Torous et al., 2014).  The possibility to assess changes 

in a patients’ cognitive ability represents a strength of ecological momentary assessments 

(Moore et al., 2016; Moore et al., 2017).  These transportable tests can be completed at 

any point in time as well as in situations of daily life encompassing a wide array of 

distractions and therefore better characterizing cognitive functioning. Data collection can 

occur through two different methods: active collection and passive collection.  Active 

data collection requests the user to enter values or perform a measurement, for example a 

smartphone-based cognitive test that prompts a patient to complete a Trail Making Test 

(TMT) (Reitan & Wolfson, 1985). On the other hand, passive data collection 

continuously acquires data without the knowledge of the user, for example a mobile 

application estimating the number of steps (Kourtis et al., 2019). The goal of technology 

is not to replace clinicians or human care providers but rather augment the ability of 

clinicians to monitor cognitive health in a non-intrusive and cost-effective manner 

(Torous et al., 2016).  

Utilizing smartphone applications may represent a feasible opportunity to monitor 
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mental health conditions and cognitive health. Previous literature indicates that 97% of 

individuals with mental health disorders own a phone (Torous et al., 2014). Iliescu and 

colleagues (2021) investigated smartphone ownership in 101 psychiatric inpatients and 

found that 82.8% indicated owning a smartphone. Overall, 59.4% of inpatients from all 

age groups expressed an interest in trying an application for clinical purposes. 

Smartphones offer the potential of capturing real-time information in a person’s life in 

contrast to current clinical interviews relying on retrospective recall (Torous et al., 2014). 

Applications allow live daily tracking and monitoring of patient’s mental health and 

cognitive function (Koo & Vizer, 2019). Ecological momentary assessment methods are 

“time-stamped” and the precision of when and how entries are recorded adds clinical 

validity. Hence, they could benefit the development of clinical interventions for MDD 

(Torous & Powell, 2015). Cognitive functioning might also predict treatment response 

(Rush et al., 2009). Therefore, continuous assessment of cognition could be a cost-

effective and personalized approach to prevent the selection of ineffective treatments or 

pharmacotherapy (Simon & Perlis, 2010). 

 Descriptive and rich data from an active collection can yield a plethora of 

information on cognitive domains such as processing speed or executive functioning. 

Touch screens can provide detailed information about cognitive health while the user is 

swiping or typing (Kourtis et al., 2019). Most studies utilizing devices to assess cognition 

have examined healthy individuals (Dagum, 2018; Moore et al., 2017).  However, 

Bouvard and colleagues (2018) successfully assessed executive functioning in patients 

with substance-related addictions over a one-week period. They found that repetitive 

cognitive monitoring can determine changes in cognitive function due to fatigue and 
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environment. Moreover, participants were not burdened by the active data collection and 

the assessments became part of their normal phone usage.  A growing body of evidence 

also highlights the use of mobile devices to assess cognition in individuals with dementia 

or patients at risk for neurodegenerative disorders such as MDD patients (Kourtis et al., 

2019). Deficits in fine motor skills and processing speed are possible signs of 

Alzheimer’s and can be examined with tracing accuracy and finger tapping. Rabinowitz 

and Lavner (2014) found that the contact time for the tapping test was slower for 

individuals with a mild cognitive impairment compared to healthy controls. In a recent 

study, researchers found that text keystrokes per minute and the number of pauses can 

distinguish between individuals with and without a cognitive deficit (Stringer et al., 

2018). Early detection of those impairments may help clinicians better tackle cognitive 

dysfunctions in at-risk MDD patients.  In addition, the use of mobile technology has been 

shown to enhance cognitive function and prevent depressive symptoms in older adults 

with MDD (Lin et al., 2020). Playing games or engaging in complex tasks on a 

smartphone demonstrated increased cognitive control abilities in older adults (Anguera et 

al., 2013). Despite the clear advantages of an ecological momentary assessment, it is not 

yet utilized in daily clinical interactions and decision-making (Torous et al., 2016). More 

research is needed as it is still unclear whether some cognitive domains can be better 

evaluated than others by ecological momentary assessments (Bouvard et al., 2018). 

Cognition does not exist in isolation and is influenced by external behavioral 

factors. Therefore, it is relevant to assess sleep because it may negatively impact 

cognition and daily functioning (Lam et al., 2014; McIntyre, 2013; Murrough et al., 

2011). Previous literature has examined the importance of sleep and MDD (Benca et 
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al., 1992). In clinical practice, sleep quality is captured through self-reported measures, 

however these clinical interviews are prone to retrospective recall bias (Popkin et al., 

1982; Urban et al., 2018). Passive data collection may not be the optimal option to 

detect certain sleep dysfunctions. Kolla and colleagues (2016) concluded that sleep 

tracking devices underestimated sleep disturbances and overestimated sleep duration 

compared to an actigraphy. Therefore, self-reported sleep questionnaires using 

ecological momentary assessments may improve the model of prediction of sleep 

quality. This approach focuses on indicators and symptoms that can be utilized in a 

clinical context (Torous et al., 2016). Staples and colleagues (2017) have demonstrated 

that sleep monitoring through smartphone devices is feasible and cost-effective for 

patients with schizophrenia. There is currently a limited number of validated 

smartphone applications to support the tracking of sleep quality in mood disorders 

(Aledavood et al., 2019). 

MindLAMP Application 

MindLAMP (Learn, Assess, Manage and Prevent) is a free and sharable health 

smartphone application with functions such as clinical and cognitive assessments, self-

management tools, and educational components (Torous et al., 2019). The smartphone 

application has been developed by our team at the Beth Israel Deaconess Medical Center 

(BIDMC), Harvard Medical School, Boston, United States of America. It has been 

utilized by 1000 individuals for research and augmented care in a “digital clinic” in 

Boston. The application was created to support healthcare professionals by collecting 

meaningful clinical information. Furthermore, it was built as an open and reusable 

platform to acquire data regarding the interactions between patients and their devices. 
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The application is highly customizable, flexible, and adaptable to the unique needs of the 

researcher or clinician (Torous & Vaidyam, 2020). It can be modified to the patient’s 

preferences and goals, providing more control over what information can be shared. The 

clinician or researcher can modify the format of assessments, survey questions, frequency 

of notifications, language and color of the background. Indeed, the application can be 

altered through a portal for each research study. This novel type of data collection can 

strengthen the rapport between clinicians or researchers and the patients by gathering 

continuous data about their mental health. The application does not involve any data 

sharing or user agreements with technology companies to guarantee the data privacy of 

participants and clinical research teams. It is available on iOS and Android platforms to 

ensure it does not discriminate based on technology. Moreover, it requires low power and 

connectivity, enabling those with older phones and troublesome access to the internet to 

use the application. MindLAMP was built with the general purpose of monitoring, 

managing and preventing chronic mental illnesses (Torous & Vaidyam, 2020).  

The MindLAMP application also enabled the development of two cognitive 

assessments called the Jewels Trail Tests A (JTT A) and Jewels Trail Tests B (JTT B), 

which are modelled off the validated TMT A and B (Reitan & Wolfson, 1985). The TMT 

measures processing speed and executive functioning, two cognitive domains that are 

frequently impaired in MDD (Withall et al., 2009). The main difference between the 

smartphone and standard pen-and-paper versions is that in order to make the tests usable 

and engaging on a smartphone, users tap the numbers instead of drawing a line between 

them. They also have to alternate between different shapes instead of letters and numbers 

for Part B. Preliminary evidence shows that it is feasible to use these MindLAMP 
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cognitive tests with other mental disorders such as schizophrenia and that they may 

differentiate healthy controls from patients (Liu et al., 2019). Nevertheless, the tests 

remain to be validated to assess cognitive functioning in individuals with MDD. 

The Present Study 

In the present study, I intended to evaluate whether the MindLAMP smartphone-

based cognitive assessments could monitor processing speed and executive function in 

individuals with MDD. The specific aims were as follows:  

1. I aimed to determine whether the JTT are valid and reliable to measure 

cognition in MDD compared to the standard pen-and-paper TMT. I hypothesized that 

completion time collected on the smartphone application would show moderate 

concurrent validity when compared to the standard pen-and-paper TMT, as well as 

moderate test-retest reliability.  

2. I aimed to assess the ability of the TMT and JTT at detecting a slower 

completion time in clinical populations, such as MDD. I hypothesized that significant 

differences would be observed between MDD patients and healthy control groups in 

both a laboratory setting and remote environment, with MDD individuals showing a 

slower completion time. 

3. Finally, I aimed to assess predictive validity by exploring whether poor self-

reported sleep quality impacted completion time over time measured by the JTT. I 

hypothesized that poor self-reported sleep quality would lead to a slower completion 

time on the JTT.  

 

 
 



 
 
  

20 SMARTPHONE-BASED ASSESSMENTS FOR DEPRESSION 

Method 
 
Participants 
 

Participants were included if they were aged between 18 and 75 years old 

inclusively for both patient and control groups. They were required to have the ability 

to speak and read English above the level of sixth grade. For the patient group, 

participants had to be diagnosed with MDD, confirmed by the Mini International 

Neuropsychiatric Interview (MINI) interview (Sheehan et al., 1998). We excluded 

those who had changed or stopped medication in the past month for their symptoms to 

be controlled. All participants in the current study were on stable medication for one 

month, information about the specific antidepressants of each patient is reported in 

Table 1.  Exclusion criteria for all participants encompassed any significant 

neurological or medical disorders that may cause cognitive impairment. In addition, we 

excluded participants with a recent history of substance abuse or dependence within the 

past three months and decisional incapacity requiring a guardian. We also excluded 

participants who did not own a smartphone. Potential healthy controls (HC) were 

excluded from this study if they presented current or past psychiatric diagnoses or if 

they had a first-degree relative who received a diagnosis of MDD. Efforts were made 

to have each participant in each group matched in terms of age and sex. 

     The sample consisted of 38 participants in the HC group and 24 participants 

in the MDD group. Four participants were removed from the HC group: three for not 

meeting the inclusion/exclusion criteria as discovered during the clinical interview and 

one for not following the instructions during the assessment. As such, the final sample 

had 34 participants in the HC group and 24 participants in the MDD group. Due to 
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COVID-19, the data collection was paused hence this thesis reports an interim analysis 

and we anticipate recruiting a total of 40 participants in each group. 

 Missing data was observed for the JTT at baseline and during longitudinal data 

collection. For instance, some participants only completed one Part of the JTT, or 

failed to complete any trials in the remote setting. As such, missing timepoints were 

removed from the data during the statistical analyses.  

Table 1 

Baseline Medication Information for MDD group 

Antidepressants Number of MDD patients 

Sertraline 4 

Bupropion 4 

Fluoxetine 5 

Vortioxetine 1 

Zopiclone 1 

Venlafaxine 4 

Duloxetine 1 

Escitalopram 4 

 

Procedure 
 

The recruitment of research participants began in February 2019 and was 

discontinued in March 2020 due to COVID-19. We have recruited outpatients from the 

mood disorder units of the Royal Ottawa Mental Health Centre. Additionally, we have 

recruited from the local community, community services, including the Mood 
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Disorders Ottawa Mutual Support Group, websites and social media, including 

ementalhealth.ca, Reddit and Twitter. Compensation was provided using cash. 

Participants received a one-time $30.00 after the baseline in-laboratory assessment was 

completed. 

A trained research assistant and I performed the clinical interviews and 

cognitive assessments for the research study in all participants in a quiet testing room at 

the Royal Ottawa Hospital. The totality of the baseline visit lasted approximately one 

hour and thirty minutes per person to be completed. At the beginning of the first visit, 

all participants were invited to read and sign the informed consent form. In addition, 

the Mini-International Neuropsychiatric Interview (MINI) and the Montgomery Asberg 

Depression Rating Scale (MADRS) were administered to ensure current depressive 

symptoms and no suicidal ideations. Four participants presented suicidal ideations and 

the research team assessed the risk of suicide using the suicide interview plan (the 

Columbia Suicide Severity Scale). In all participants, the risk of suicidal behavior was 

not considered high. Therefore, the research team recommended him/her to contact their 

physician and to call the suicide help hotline if needed. 

In the second part of the in-laboratory baseline visit, participants underwent a 

cognitive assessment consisting of two separate tests. Instructions and short practice 

trials were given before each cognitive assessment to ensure that participants 

understood the task. First, participants completed the TMT (Reitan & Wolfson, 1985) 

using pen and paper in a quiet testing room in the laboratory. Participants were 

instructed to complete this task as quickly as possible without lifting the pen from the 

paper, and the amount of time for the participants to complete this task was scored as 
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their performance on this test.  

Second, the participants were instructed to download the MindLAMP 

application on their smartphone in order to complete the JTT in the laboratory. Time 

was also used as a measure of performance however, on the application participants 

were limited to 90 seconds to complete each test. Mistakes were tracked by the 

application with an addition of two seconds to the participant’s time, resulting in a 

poorer score. Performance on the JTT was automatically obtained by the application 

and was used as a measure of cognitive performance.  

We invited the participants to keep the application on their phones for a period 

of three months. The MindLAMP application (Torous et al., 2019), sent pop-up 

notifications for participants to answer surveys and engage in the cognitive task once a 

week on either Mondays, Wednesdays, or Fridays. Nevertheless, participants were 

informed that they could complete the surveys as often as possible.  The JTT and 

surveys took approximately 5 to 10 minutes to be completed each week. After three 

months, the application would no longer gather any data, and the participants were not 

able to use the application. In addition, participants were informed that they were able 

to delete the application on their phones, to cease the data collection, and to delete the 

data that have been collected if they wanted. If they dropped out of the study early or 

chose to withdraw at any time, they could also delete the application and it would stop 

collecting any data. Pen-and-paper and smartphone cognitive assessments were 

counterbalanced to avoid order effects. Lastly, a self-report questionnaire for sleep 

quality was filled in during the initial laboratory visit through the MindLAMP 

application on the participant’s smartphones.  
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Measures 
 

Demographic Information. Demographic information was collected by the 

research assistant or myself during the one-on-one interview process during the 

baseline in-lab visit. This information includes date of birth and sex. 

Major Depressive Disorder Diagnosis. The Mini-International 

Neuropsychiatric Interview (MINI), based on the Diagnostic and Statistical Manual of 

Mental Disorders was administered during the baseline visit to confirm the diagnosis of 

people with MDD, and to ensure that HC participants did not have an undisclosed 

current or past mental illness (Sheehan et al., 1998). The MINI is a psychiatric 

structured diagnostic interview instrument where the patient requires to only answer 

“yes” or “no” to questions. Previous research supports the validity and reliability of the 

MINI in the assessment of psychiatric disorders (Mordal et al., 2010; Otsubo et al., 

2005; Rossi et al., 2004). This clinical instrument has been translated into 43 languages 

(Boudrot et al., 2013). The validity and reliability of the tool has been explored for the 

original English and French versions. The MINI has demonstrated high accuracy for 

MDD patients in primary care and in psychiatric care (de Azevedo Marques & Zuardi, 

2008; Pettersson et al., 2018). Excellent inter-rater agreement (κ  = 1.00) of the English 

version of MINI have been reported (Lecrubier et al., 1997). According to Shrout and 

colleagues (1987), in test-retest analyses, kappa values (κ = .84) demonstrated 

excellent agreement for MDD diagnoses. In addition, an excellent sensitivity (κ = .96) 

and specificity (κ = .88) was observed for the MINI (Sheehan et al., 1997). A very 

good convergent validity was reported compared to the Composite International 

Diagnostic Interview (CIDI) (Lecrubier et al., 1997) and the Structured Clinical 
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Interview for Diagnostic and Statistical Manual (SCID) (Sheehan et al., 1997). The 

MINI is a time-efficient diagnostic interview that can be incorporated into routine 

clinical settings. It is acceptable to patients and improves diagnostic accuracy 

compared to other clinical assessments (Pinninti et al., 2003). 

Depressive Symptoms. The MADRS was administered during the baseline 

visit to ensure current depressive symptoms and no suicidal ideations (Montgomery & 

Asberg, 1979). The MADRS is a diagnostic questionnaire that includes ten questions 

used to measure the severity of depressive symptoms in individuals with mood 

disorders (Montgomery & Asberg, 1979). The questionnaire incorporates items on the 

following clinical symptoms: apparent sadness, reported sadness, inner tension, 

reduced sleep, reduced appetite, concentration difficulty, lassitude, inability to feel, 

pessimistic thoughts and suicidal thoughts. Each question produces a score of 0 to 6 

and the total score ranges from 0 to 60. The levels of severity of MDD based on the 

total score are the following: normal or absent 0-6; mild 7-19; moderate 20-34; and 

severe 35-60 (Montgomery & Asberg, 1979). The MADRS has been widely used in 

research and given its advantages, has been translated from English into several 

different languages (Ahmadpanah et al., 2016; Dratcu et al., 1987; Lobo et al., 2002; 

Schmidtke et al., 1988; Soron, 2017). Numerous studies in different countries have 

demonstrated that the MADRS is sensitive to change, reliable and valid (Bondolfi et 

al., 2010; Davidson et al., 1986; Kearns et al., 1982). Paiva-Medeiros and colleagues 

(2015) examined the psychometric properties of the MADRS in severely obese patients 

(N = 374). The meant total score was 7.73 (SD = 11.33) with a Cronbach’s alpha 

coefficient of internal consistency of .93, demonstrating the ability of the items to 



 
 
  

26 SMARTPHONE-BASED ASSESSMENTS FOR DEPRESSION 

assess homogeneously the target construct. Moreover, the results revealed a sensitivity 

of .81 and specificity of .85 (Paiva-Medeiros et al., 2015). The instrument has been 

validated in a Colombian sample presenting high internal consistency (α = .92; Cano et 

al., 2016). In the same study, the findings of inter-rater reliability revealed that the tool 

was highly reliable (r = .98; Cano et al., 2016). A meta-analysis by Heo and colleagues 

(2007), identified that the MADRS and Hamilton Depression Rating Scale (HAM-D) 

resulted in comparable ratings in assessing changes in overall depressive symptom 

severity. Compared to the Hamilton Depression Rating Scale (HAM-D), the MADRS 

may have more precision in estimating MDD and a greater capacity to differentiate 

between responders and nonresponders to antidepressants (Bagby et al., 2004; 

Williams & Kobak, 2008). 

Pen-and-paper cognitive assessments. The TMT (Reitan & Wolfson, 1985) 

was used during the baseline visit to assess the cognitive functioning in MDD and HC 

groups. Moreover, Part A of the TMT measures processing speed and required 

participants to draw lines connecting encircled numbers from 1-25 in ascending order. 

Similar to Part A, Part B measures executive functioning and required participants to 

draw lines connecting encircled numbers and letters in an alternating pattern (i.e., 1-A-

2-B-3-C, etc.). The TMT is one of the most widely used instruments in 

neuropsychological assessment (Lezak, 1995; Mitrushina, 2005; Reitan, 1992). The 

tool was originally a part of the six subtests of the Army Individual Test Battery (1944) 

and was later incorporated into the Halstead–Reitan Battery (Reitan & Wolfson, 1985). 

It was used to assess processing speed and executive functions in all participants in this 

study. The TMT is a low cost, and low effort measure of cognition, which can be 
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quickly administered in 5 to 10 minutes as well as easily scored (Reitan & Wolfson, 

1985). Previous research has shown that patients with MDD achieve significantly 

slower completion times than HC in both parts of the TMT (Talarowska et al., 2012). 

The TMT has been considered as a reliable, valid and sensitive measure of 

neurological function (Alvarez, 1962; Armitage, 1946; Lezak, 1995; Reitan, 1955, 

Reitan & Wolfson, 1985).  The TMT has good psychometric properties (Gaudino et al., 

1995) such as high interrater reliability (Carone, 2007). A study investigated the test-

retest reliability in a sample of 150 patients with various neurological disorders and 

found that both Part A and B had a moderate but acceptable reliability (r = .69 and r = 

.66 respectively; Goldstein & Watson, 1989). However, the TMT may be susceptible to 

practice effects, similar to numerous neuropsychological assessments (Stuss et al., 

1987). DesRosiers and Kavanagh (1987) evaluated the sensitivity of the TMT at 

detecting cognitive impairment in clinical populations. Both parts of the assessment 

clearly differentiated brain injured patients from control groups, TMT Part A (F (1,62) 

= 9.01, p < .023) and TMT Part B (F (1,62) = 8.12, p < .034).  The TMT appears to be 

a particularly sensitive indicator of neurological impairment.  

Smartphone-based cognitive assessments. A smartphone application version 

of the pen-and-paper TMT A and B named the JTT (Torous et al., 2019) was 

developed to assess cognition. Similar to the TMT, the test involves a Part A (Figure 

1A) and a Part B measuring (Figure 1B) processing speed and executive functioning, 

respectively. In Part A, participants were asked to tap the jewel-shaped numbers on 

their screen in sequential order from 1 to 25 as fast as possible without making any 

mistakes. Indeed, Part A of this task required participants to tap on numbers enclosed 
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in 25 diamond shapes in ascending order as fast and as accurately as possible. Part B 

involved alternating between two different shapes of the same number while 

continuing to tap the numbers in sequential order (i.e., 1-shape A, 1- shape B, 2-shape 

A, 2-shape B…). Before starting the task, participants were told that if they made a 

mistake, two seconds would be added to their time, resulting in a slower time score. 

Further, completion time is the amount of time participants took to complete the 

cognitive tasks and was kept as their scores. Completion time on the JTT was 

automatically obtained by the application and was used as a measure of cognitive 

performance. 
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Figure 1 

Smartphone-Based Cognitive Assessments on MindLAMP A) JTT A: Participant 

taps on numbers in chronological order; B) JTT B: Participant taps on numbers in 

chronological order while alternating between the two shapes. 

 

 

Self-reported sleep quality survey. A self-report questionnaire for sleep 

quality was filled in during the initial laboratory visit through the MindLAMP 

application on the participant’s smartphones. Indeed, sleep quality was assessed 

through a subjective 1-item questionnaire on the application. The question asked 
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participants to rate the quality of last night’s sleep on a scale from 1- 10 (1= low; 10= 

excellent): On a scale of 1-10, (1=very bad, and 10=excellent) how was your sleep last 

night?. The self-reported questionnaire included on the MindLAMP application does 

not possess any psychometric properties.  

Statistical Analysis 

Outlier detection analysis. A detailed examination of outliers was conducted for 

each statistical analysis to remove data points that were likely to be erroneous. For the 

concurrent validity analyses, outliers were identified as datapoints that were more than 

three times the standard deviation away from the mean, independently for the TMT and 

JTT. Finally, a visual inspection of the outliers was conducted to determine which points 

were technical issues or distractions based on notes in the participant’s file. These 

datapoints were subsequently removed from the concurrent validity analyses. 

For the second aim, the outliers in the baseline TMT and JTT data that were 

identified and removed in aim one were also removed. An outlier analysis was also 

conducted to identify erroneous datapoints in the remote longitudinal data, computed at 

the participant level. Cook’s D and DFBETAs were calculated and plotted to identify 

participants of high influence using the influence.ME package in R studio (Nieuwenhuis 

et al., 2016). An influential participant was denoted as having a Cook’s D greater than 4 

divided by the sample size, or a DFBETA greater than 4 divided by the square root of the 

sample size. This was followed by a visual inspection to identify participants that should 

be removed due to datapoints that were likely to be measurement errors. Finally, this 

analysis was also conducted for the remote longitudinal data in the third aim. Cook’s D 

and DFBETAs were calculated and plotted, followed by a visual inspection. 
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Descriptive statistics. The descriptive statistics of the sample, including mean, 

median and range, were calculated. A two-sided t-test was performed to assess significant 

differences in the mean age of the MDD and HC groups. Similarly, a chi-square test was 

conducted to evaluate whether there was a difference in the proportion of females and 

smartphone usage within the two groups. A p-value of .05 was selected as the threshold 

for significance. These tests were conducted to ensure that both the MDD and HC groups 

were homogeneous in their characteristics, allowing for a more accurate comparison of 

cognitive performance between both groups.  

Concurrent validity. The concurrent validity of the JTT was evaluated to 

determine whether the JTT measured cognition in participants similarly as the standard 

pen-and-paper TMT. The strength of the relationship of completion time between these 

tests, and the established TMT was evaluated. A Pearson’s correlation was performed 

between the JTT A and TMT A for all participants, and an additional correlation was 

conducted for Part B. This analysis was conducted at three time points: in the laboratory 

setting, as well as each participant’s first and last time point in the remote environment. 

Participants who only had one time point in the remote setting were only included in the 

data for the first time point. These computations allowed to assess whether the JTT 

completion time was similar to the TMT completion time, and whether it remained 

comparable over time when the JTT were completed in a remote environment. Scatter 

plots of these relationships were presented to further illustrate the strength of the 

relationship. Post-hoc general linear models were run to evaluate the between-group 

interactions of the MDD and HC group completion time on the TMT and JTT. 

Test-retest reliability. Test-retest reliability was assessed by calculating the 
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intraclass correlation (ICC) between the longitudinal measurements of the JTT at three 

separate time points: the JTT completion time in the laboratory setting, as well as the first 

and last JTT completion time conducted in the remote setting for each participant. This 

analysis was performed to assess the reliability of the repeated measurements with the 

estimates arising from an analysis of variance (ANOVA) (Weir, 2005). As such, the test-

retest reliability analysis examined the variability in the measurements taken by the same 

participants over time. The reliability analysis used an absolute agreement, 2-way mixed-

effects model to calculate the ICC (Koo & Li, 2016). That is,  

𝐼𝐶𝐶(𝐴, 1) 	= 	
𝑀𝑆! −	𝑀𝑆"

𝑀𝑆! 	+ 	(𝑘 − 1)𝑀𝑆" 	+ 	
𝑘
𝑛 (𝑀𝑆# 	− 	𝑀𝑆")

 

where 𝑀𝑆! is the mean square for rows, 𝑀𝑆" is the mean square error, 𝑀𝑆#  is 

the mean square for columns, k is the number of measurements and n is the number of 

subjects (McGraw & Wong, 1996). 

The ICC was calculated independently for the JTT A and JTT B using the 

psych package in R (Revelle & Revelle, 2015). The confidence intervals of the ICC 

estimates were presented, and ICC values between 0.50 and 0.75 were denoted as 

having moderate reliability, while values between 0.75 and 0.90 indicated good 

reliability, and values greater than 0.90 were interpreted as having excellent reliability 

(Koo & Li, 2016).  

Between-group differences in TMT and JTT completion time. An analysis 

was conducted to assess whether there were significant differences between the TMT 

completion time of participants in the HC group compared to the MDD group in data 

available from the laboratory setting. The means and standard deviations of the 
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laboratory data were compared between the MDD and the HC groups.  

First, a linear model was conducted to evaluate the differences in the 

completion time of the groups in the laboratory setting for the TMT A and the TMT B. 

In both models, a binary indicator denoting participants in the MDD group was 

included. The model controlled for the age and the sex of the participants, with the 

dependent variable being the TMT completion time. The significance of the MDD 

indicator was evaluated, as it measures the difference in mean completion time 

between both groups. 

Second, an analysis was conducted to assess whether there were significant 

differences between the JTT completion time of participants in the HC group compared 

to the MDD group in data available from the laboratory and remote settings. The 

means and standard deviations of the laboratory and remote data were compared 

between the MDD and the HC groups.  

A linear model was conducted to evaluate the differences in the completion 

time of the groups in the laboratory setting for the JTT A and the JTT B. In both 

models, a binary indicator denoting participants in the MDD group was included. The 

model controlled for the age and the sex of the participants, with the dependent 

variable being the JTT completion time. The significance of the MDD indicator was 

evaluated, as it measures the difference in mean completion time between both groups. 

Longitudinal mixed effects models were fitted to the longitudinal data to 

account for the dependency between the longitudinal measurements of the same 

participants. These longitudinal mixed effects models were conducted using the 

lmerTest package (Kuznetsova et al., 2017). This package provides a coefficient table 
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for the fixed effects that employs Satterthwaite's method to approximate the degrees of 

freedom to assess significance (Satterthwaite, 1941). The p-values reported for the 

longitudinal mixed effects model are those provided by this package. 

Two longitudinal mixed effect models were produced. One model had the JTT 

A completion time as the dependent variable and the other had the JTT B completion 

time. In both models, a binary indicator denoting participants in the MDD group was 

included as the fixed independent variable, with the participant ID as the random-effect 

variable. Sex and age were included as control variables as these variables are known 

to impact cognitive functioning. That is, the model is defined as follows,  

JTT completion time ~ MDD indicator + Sex + Age + (1 | Participant ID) 

 

The MDD indicator denotes the difference in completion time between the 

participants in the MDD and HC groups. It follows that I assessed the significance of 

the MDD indicator to determine whether there were significant differences in the 

completion time between participants in the MDD and HC groups.  

Self-reported sleep quality. To explore whether sleep quality impacted 

cognition over time, two additional mixed effects models were created with the JTT A 

and JTT B completion time as the dependent variables. In these models, the sleep scale 

was included as a fixed independent variable and the age and the sex of the participant 

were added as control variables. The mixed effects model is defined as follows, 

JTT completion time ~ Sleep quality + Sex + Age + (1 | Participant ID). 

I aimed to explore the significance of the sleep scale by assessing whether self-
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reported sleep quality significantly impacted the JTT completion time. Scatter plots 

were created to illustrate the relationship between the sleep scale and completion times 

as estimated by the longitudinal models. An additional mixed effects model was 

conducted with the inclusion of an interaction term, that is,  

JTT completion time ~ Sleep quality*MDD indicator + Sex + Age + (1 | 

Participant ID). 

The significance of the interaction term was evaluated to assess whether there 

were between-group differences on the relationship between self-reported sleep quality 

and JTT completion time. 

Practice effects. The impact of practice effects, where a patient improves at 

the JTT due to practice over time, was evaluated. A model was run with the number of 

times the test has been previously completed as the fixed independent variable and the 

completion time of the JTT as the dependent variable. Age and sex were added as 

control variables. The participant ID was included as the random-effect variable. That 

is, the mixed effects model is as follows 

JTT completion time ~ Number of previous trials + Age + Sex + (1 | 

Participant ID). 

The significant effect of the number of trials on the JTT completion time was 

examined to quantify the impact of practice effects.   
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Results 

Outlier detection analysis  

For aim 1 in the baseline data, four participants were removed for Part A and 

one participant was removed for Part B. For the first timepoint in the remote setting, 

Part A saw two participants removed while one participant was deemed erroneous for 

Part B. Finally, for the last timepoint in the remote setting, two participants were 

removed in Part A and no participants were removed for Part B.  

For the longitudinal data in aim 2, a total of two participants and 11 timepoints 

removed from Part A while two participants with 14 datapoints were removed from 

Part B.  

Finally, in the longitudinal remote data for aim 3, two participants with 13 

timepoints were removed from Part A and one participant with 8 timepoints was 

removed from Part B (see Table 2).  
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Table 2  

Final Sample Size of Each Aim and Statistical Analysis After Removing Missing Values 

and Erroneous Datapoints. 

 JTT A completion time JTT B completion time 

Aim Number of 

participants 

(HC/MDD) 

Number of 

timepoints 

(HC/MDD) 

Number of 

participants 

(HC/MDD) 

Number of 

timepoints 

(HC/MDD) 

Aim 1     

   Baseline data (34/18) (34/18) (34/21) (34/21) 

   First timepoint in the remote setting (24/21) (24/21) (22/20) (22/20) 

   Last timepoint in the remote setting (20/19) (20/19) (21/18) (21/18) 

Aim 2     

   Baseline data (34/18) (34/18) (34/21) (34/21) 

   Longitudinal remote data (25/21) (153/153) (22/22) (145/143) 

Aim 3     

   Longitudinal remote data (24/19) (126/117) (24/18) (132/107) 

 

Demographic and Clinical Data 

The demographic data for the HC and the MDD group are presented in Table 3. 

The age range was 18 to 72 for the HC group (M = 33.47, SD = 13.22) and 19 to 75 for 

the MDD group (M = 33.25, SD = 14.89). The difference in age between both groups was 

not significant. The MDD sample consisted of 33.33% males (n = 8) and 66.67% females 

(n = 16), and the difference between the groups was not statistically significant. The 
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MADRS total score indicated that, on average, participants with MDD exhibited 

moderate depressive symptoms (M = 29.14, SD = 5.52) The cell phone use of 

participants was similar between the MDD and HC groups, with most participants using 

their smartphone daily.   

Table 3 

Baseline Demographic and Clinical Data for Patients and Controls 

 MDD group HC group p-value 

N 24 34  

Age (years)   .95 

  Mean (SD) 33.25 (14.89) 33.47 (13.22)  

  Median [Min, Max] 27 [19, 75] 29 [18, 72]  

Sex   .06 

  Male 8 (33.33 %) 21 (61.76 %)  

  Female 16 (66.67 %) 13 (38.24 %)  

MADRS total score (SD) 29.14 (5.52)   

Smartphone use    

  Every day of the week 23 (95.83%) 34 (100%) .86 

  6 or less days per week 1 (4.17%) 0 (0%)  

 

Concurrent Validity 

The correlations between the JTT and the TMT in the laboratory baseline visit 

were positive, moderate, and significant for Part A (r = .35, p = .01) and strong and 

significant for Part B (r = .58, p = <.001) (see Figure 2 A and B). No significant 
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between-group interactions were observed on these associations for both Part A and Part 

B (t = 0.80, p = .47 and t = 0.43, p = .87, respectively).  

Figure 2 

Relationship Between Completion Time of Participants on the Pen-and-Paper TMT and 

Smartphone Application JTT 
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A second set of correlations was conducted to assess the concurrent validity of the 

TMT compared to the first JTT of each participant, completed on the smartphone 

application in a remote environment. The correlations between the first time point of the 

JTT in a remote environment and the pen and paper TMT were positive, moderate, and 

significant for Part A (r = .30, p = .04) and strong and significant for Part B (r = .64, p = 

<.001). The linear model showed that the interaction term was not significant for Part A 

and for Part B (Part A: t = -0.72, p = .48; Part B: t = 1.56, p = .13). 

Finally, correlations between the TMT and each participant’s last completion of 

the JTT in a remote environment were conducted to conclude the assessment of the 

concurrent validity of the JTT. The correlation between the last timepoint of the JTT and 

the TMT test was strong and significant for Part A (r = .58, p < .001) and for Part B (r = 

.56, p = .002). No significant between-group interactions were observed on these 

associations for both Part A and Part B (Part A: t = -0.39, p = .70; Part B: t = 1.82, p = 

.08). 

Test-Retest Reliability  
 

The ICC showed moderate reliability for Part A of the JTT (ICC = .57, CI [0.43, 

0.71]) and good reliability for Part B (ICC = .76, CI [0.64, 0.85]).  

Between-group differences in TMT and JTT completion time  

Table 4 shows the mean completion time on the TMT for participants in the MDD 

and HC groups. The results demonstrated that participants in the MDD group had a 

similar completion time when compared to those in the HC group. 

 

 



 
 
  

41 SMARTPHONE-BASED ASSESSMENTS FOR DEPRESSION 

Table 4  

Means and Standard Deviations of the MDD and HC Groups for TMT Completion Time 

in the Laboratory Setting  

 MDD group HC group 

TMT A completion time   

  N 18 34 

  Mean (SD) 21.89 (6.58) 20.38 (5.45) 

TMT B completion time   

  N 21 34 

  Mean (SD) 56.09 (26.25) 51.99 (21.12) 

 

In the linear model with TMT as the dependent variable, controlling for age and 

sex, I observed that between-group differences in TMT completion time were not 

statistically significant (see Table 5).  
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Table 5 

Estimates of the Linear Regression Model of MDD Indicator on the TMT Completion Time 

in the Laboratory Setting. 

 

Differences in mean completion time on the JTT for participants in the MDD and 

HC groups are available in Table 6. The results showed that participants in the MDD 

group had similar completion time when compared to those in the HC group. 

 

 

 

 

 

 Estimate 95% CI t-value p-value 

TMT A completion time     

  Intercept 17.47 (12.63, 22.32) 7.25 <.001 

  MDD indicator 1.84 (-1.75, 5.44) 1.03 .31 

  Age 0.08 (-0.07, 0.23) 1.05 .30 

  Sex 0.46 (-3.49, 4.41) 0.23 .82 

TMT B completion time     

  Intercept 38.72 (21.56, 55.88) 4.53 <.001 

  MDD indicator 3.49 (-9.45, 16.44) 0.54 .59 

  Age 0.48 (-0.03, 0.98) 1.89 .06 

  Sex -4.38 (-18.48, 9.72) -0.62 .54 
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Table 6 

Means and Standard Deviations of the MDD and HC Groups for JTT Completion Time in 

the Laboratory Setting  

 MDD group HC group 

JTT A completion time   

  N 18 34 

  Mean (SD) 34.22 (9.82) 36.41 (9.36) 

JTT B completion time   

  N 21 34 

  Mean (SD) 46.48 (16.27) 45.29 (13.05) 

 

In the linear model controlling for age and sex on JTT completion time, I 

observed that between-group differences in completion time were not statistically 

significant (see Table 7). The completion time for participants in the MDD group was, on 

average, similar to the HC group for both JTT A and the JTT B in the laboratory setting.  
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Table 7 

Estimates of the Linear Regression Model of MDD Indicator on the JTT Completion Time 

in the Laboratory Setting 

 
 

 Table 8 shows the comparison in mean completion time and standard deviations 

in the longitudinal data. Participants in the MDD group had a slower mean cognitive 

completion time in both JTT A and JTT B relative to those in the HC group.  

 

 

 

 

 

 Estimate 95% CI t-value p-value 

JTT A completion time     

  Intercept 22.89 (16.33, 29.44) 7.02 <.001 

  MDD indicator -2.74 (-7.70, 2.21) -1.11 .27 

  Age 0.48 (0.28, 0.69) 4.78 <.001 

  Sex -4.27 (-9.64, 1.09) -1.60 .12 

JTT B completion time     

  Intercept 27.25 (17.98, 36.51) 5.90 <.001 

  MDD indicator 1.17 (-5.93, 8.27) 0.33 .74 

  Age 0.58 (0.31, 0.86) 4.29 <.001 

  Sex -2.37 (-10.05, 5.30) -0.62 .54 
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Table 8 

Means and Standard Deviations of the MDD and HC groups for JTT Completion Time in 

a Remote Setting  

 MDD group HC group 

JTT A completion time   

  N 153 153 

  Mean (SD) 39.76 (13.03) 35.20 (10.44) 

JTT B completion time   

  N 145 143 

  Mean (SD) 43.99 (15.69) 38.62 (10.82) 

 

The results of the longitudinal mixed effects models evaluating the differences in 

completion time between the MDD and the HC groups are presented in Table 9. In both 

the JTT A and JTT B, participants in the MDD group had a slower mean completion time 

relative to participants in the HC group, but these differences were not statistically 

significant (see Table 9). 
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Table 9 

Fixed Effect Estimates of the Mixed Effects Model of MDD Indicator on the JTT 

Completion Time in a Remote Setting 

 Estimate 95% CI t-value p-value 

JTT A completion time     

  Intercept 21.18 (15.86, 26.51) 7.60 <.001 

  MDD indicator 2.75 (-1.66, 7.17) 1.19 .24 

  Age 0.51 (0.35, 0.68) 5.98 <.001 

  Sex -1.87 (-6.82, 3.07) -0.72 .47 

JTT B completion time      

  Intercept 20.09 (12.93, 27.25) 5.35 <.001 

  MDD indicator 4.66 (-1.06, 10.39) 1.55 .13 

  Age 0.60 (0.38, 0.81) 5.31 <.001 

  Sex 0.11 (-6.38, 6.61) 0.03 .97 

Note. CI = Confidence Intervals. 
 
Effect of Age  

 Table 7 and Table 9 also demonstrate that the control variable age was a 

significant predictor of the completion time for both Part A and Part B of the JTT (p 

<.001 and p <.001 for JTT A and JTT B, respectively in the laboratory setting; p <.001 

and p <.001 for JTT A and JTT B, respectively in the remote environment). In the 

laboratory setting, a 40-year-old participant was, on average, 4.8 seconds slower than a 

30-year-old participant on Part A, and 5.8 seconds on Part B. In the longitudinal data, a 

40-year-old participant on Part A was 5.1 seconds slower on average than a 30-year-old 
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participant, and 6.0 seconds slower on Part B.  

Self-Reported Sleep Quality 

 Table 10 shows the results of the longitudinal mixed effects models evaluating the 

impact of poor self-reported sleep quality on completion time over a three-months period, 

controlling for age and sex. In both models, the mean completion time was faster as 

scores on the sleep scale increased. For every unit increase on the sleep scale, indicating 

that a participant had a better night of sleep, the average completion time on the JTT A 

was significantly faster, while controlling for age and sex. Participants with better sleep 

quality appeared to have a faster average completion time on the JTT B, but the effect 

was not statistically significant (Figure 3). 
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Table 10 

 Fixed Effect Estimates of the Mixed Effects Model of Sleep Scale on the JTT Completion 

Time 

 Estimate 95% CI t-value p-value 

JTT A completion time     

  Intercept 29.10 (22.34, 35.89) 8.26 <.001 

  Sleep scale -0.82 (-1.52, -0.12) -2.27 .02 

  Age 0.53 (0.37, 0.70) 6.35 <.001 

  Sex -4.69 (-9.34, -0.05) -1.94 .06 

JTT B completion time     

  Intercept 27.21 (17.31, 37.08) 5.31 <.001 

  Sleep scale -0.22 (-1.01. 0.58) -0.56 .58 

  Age 0.61 (0.35, 0.87) 4.44 <.001 

  Sex -4.86 (-12.59, 2.86) -1.21 .24 

Note. CI = Confidence Intervals. 
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Figure 3 

 Longitudinal Mixed effect Model Prediction of the Impact of Self-Reported Sleep Quality 

Measured with the Sleep Scale on Cognition Over Time, Measured as the JTT Completion 

Time A) Part A of the test; B) Part B of the test 

 

 

Note. HC: healthy control, MDD: Major depressive disorder. The black line represents the 

predicted values from the longitudinal mixed effects model, while the grey area represents the 

confidence interval.  
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The additional mixed effects model with the inclusion of an interaction term 

between the sleep scale and the MDD indicator was run. This interaction term was not 

statistically significant for JTT A (t = 0.22, p = .82) or JTT B (t = 0.31, p = .76). 

Therefore, the association between the self-reported sleep quality and the JTT 

completion time was similar between the MDD and HC groups. 

Practice Effects 

 Practice effects, measured as the number of previous trials, were not significant 

for JTT A and JTT B (see Table 11 and Figure 4).  

Table 11 

 Fixed Effect Estimates of the Mixed Effects Model of the Practice Effects on the JTT 

Completion Time 

 Estimate 95% CI t-value p-value 

JTT A completion time     

  Intercept 24.37 (18.51, 30.21) 8.06 <.001 

  Number of previous trials  -0.11 (-0.37, 0.15) -0.80 .42 

  Age 0.50 (0.32, 0.68) 5.33 <.001 

  Sex -2.60 (-7.62, 2.44) -1.00 .32 

JTT B completion time     

  Intercept 28.06 (19.28, 36.85) 6.17 <.001 

  Number of previous trials  -0.26 (-0.55, 0.02) -1.80 .07 

  Age 0.58 (0.31, 0.86) 4.10 <.001 

  Sex -4.77 (-12.58, 3.03) -1.18 .25 

Note. CI = Confidence Intervals. 
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Figure 4 

Longitudinal Mixed Effect Model Prediction of the Impact of Practice Effects, Measured 

as the Number of Previous Trials, on the JTT Completion Time. A) Part A of the test; B) 

Part B of the test 
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Discussion 
 
 The purpose of this study was to examine whether the MindLAMP smartphone-

based cognitive assessments could monitor processing speed and executive function in 

individuals with MDD. Participants with MDD and HC underwent baseline clinical 

interviews and cognitive assessments at the Royal Ottawa Hospital. In addition, 

participants were asked to keep the MindLAMP application on their phones for three 

months and to complete the JTT A and JTT B as well as the self-reported sleep survey 

during that time. Three research questions were examined. First, are the JTT valid and 

reliable to measure cognition in MDD compared to the standard pen-and-paper TMT? It 

was expected that completion time collected on the smartphone application would show 

moderate concurrent validity when compared to the standard pen-and-paper TMT, as well 

as moderate test-retest reliability. Second, can the TMT and JTT detect cognitive 

impairments in clinical populations, such as MDD? It was predicted that the TMT and 

JTT would significantly differentiate MDD patients and HC in a laboratory setting and in 

a remote environment. Lastly, does self-reported sleep quality impact completion time 

measured by the smartphone application over time and demonstrate predictive validity? It 

was expected that poor self-reported sleep quality would lead to a slower completion time 

on the smartphone application in all participants. 

 As expected, I observed a significant, positive, and moderate correlation between 

the completion time on the smartphone application and the standardized pen-and-paper 

TMT in the laboratory, which supports concurrent validity for Part A (r = .35) and a 

significant, positive, and strong correlation for Part B (r = .58). Therefore, a participant 

that has a faster completion time on the TMT is also expected to have a faster completion 
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time on the JTT, and vice versa. Similar results were found when examining the first 

completion time of participants on the JTT in a remote environment compared to the 

TMT in the laboratory setting. A moderate and significant correlation of .30 was 

observed for Part A of the tests, followed by a strong significant correlation of .64 for 

Part B. In addition, the last completion time of participants on the JTT in a remote 

environment significantly correlated with the TMT in the laboratory setting (Part A: r = 

.58; Part B: r = .56). These results emphasize the consistency of the participants 

completion time on the JTT, even when completed in a different environment to the 

TMT. This further supports the concurrent validity of the JTT.  

 There were no significant between group interactions between the MDD and HC 

groups, indicating that the relationship between the TMT and JTT was consistent across 

all participants, regardless of whether they had an MDD diagnosis or not. Moreover, the 

test-retest reliability coefficients exhibited a moderate reliability between the laboratory 

setting, as well as the first and the last timepoint in a remote setting for Part A of the test 

and good reliability for Part B. As such, these findings provide strong evidence of the 

consistency and the comparability of the JTT, both in laboratory and remote settings.  

 My second research question was not supported. I observed that between-group 

differences in completion time on the TMT an JTT in the laboratory setting were not 

statistically significant for both Part A and Part B of the tests. In addition, participants 

with MDD did not have a statistically significant slower completion time relative to 

participants in the HC group for the JTT Part A (p = .24) in the longitudinal data. The 

completion time of the participants in the MDD group was, on average, 5.37 seconds 

slower for the JTT B, though the difference between both groups was also not statistically 



 
 
  

54 SMARTPHONE-BASED ASSESSMENTS FOR DEPRESSION 

significant (p = .13).  In addition, age was a significant predictor of the completion time 

for both Part A and Part B of the JTT. 

 The third research question was only partially supported. Indeed, self-reported 

sleep quality was a significant predictor of the completion time on the remote cognitive 

assessment Part A, demonstrating the predictive validity of the application. For every unit 

increase in the sleep scale, the average completion time on the JTT A significantly 

decreased by 0.82 seconds, while controlling for age and sex (p = .02). For the JTT B, 

every unit increase in the sleep scale decreased the completion time by an average of 0.22 

seconds, but the effect was not significant (p = .58). In sum, the higher the self-reported 

sleep quality, the better the processing speed on the application for all participants. The 

interaction between sleep scale and the MDD indicator was not statistically significant for 

JTT A (t = 0.22, p = .82) and JTT B (t = 0.34, p = .74). This indicates that the 

relationship between the sleep scale and the JTT completion time was similar across both 

the MDD and HC groups.  

 Lastly, practice effects for JTT A and JTT B were not significant when 

controlling for the age and sex of participants. Therefore, the participants did not 

significantly improve their performance due to an increase in practice from completing 

previous trials. 

The Validity of a Smartphone Application to Assess Cognition 

The current study is the first aiming to validate an ecological momentary 

assessment assessing processing speed and executive functioning in MDD. The 

findings indicate that the MindLAMP application is a promising tool to assess 

cognitive functioning in individuals with MDD. The results highlight that the JTT work 
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in a similar way to the gold-standard TMT, which is widely used to measure processing 

speed and executive functioning (Bowie & Harvey, 2006). The results showed 

significant, positive, and moderate correlations between completion time on the 

smartphone application and the standardized pen-and-paper TMT when compared in a 

laboratory setting. In addition, the first remote JTT A and B completion time were 

moderately associated with the pen and paper TMT A and B completion time in the 

laboratory. Similarly, the last remote JTT A and B completion time were also 

moderately associated with the pen and paper TMT A and B completion time in the 

laboratory. This shows consistency across the various completion of the JTT in the 

remote setting.  

These results are in line with previous studies intending to validate ambulant 

cognitive assessments on a smartphone. Jongstra and colleagues (2017) developed a 

digital version of the TMT on the iVitality application to assess cognition in healthy 

adults at increased risk for dementia. The authors compared the first cognitive 

completion time of 151 participants on the smartphone with their completion time on 

the existing neuropsychological test in a laboratory setting. They found a moderate 

correlation (r = .38) between the smartphone-based TMT and the conventional test. 

Further, the correlation (r = .43) increased when the pen-and-paper assessment was 

compared with the mean scores of all performed smartphone tests. Taken together, 

these results support the use of a digital version of the TMT to yield a valid 

representation of the neuropsychological functioning of individuals at risk for cognitive 

impairments. Further, one study from Liu and colleagues (2019) supported the 

feasibility of using these MindLAMP cognitive tests with other mental disorders such 
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as schizophrenia. However, it was warranted to assess the potential of the application 

with participants diagnosed with MDD. Overall, the current study provides initial 

validity for cognitive assessments on a smartphone application aiming to measure 

processing speed and executive functioning in MDD. 

 Furthermore, no significant between-group interactions were observed between 

the HC and MDD groups. Therefore, the relationship between the TMT and JTT did 

not significantly differ across both groups. This further supports the validity of the 

smartphone application, as the JTT completion time of participants in both groups was 

positively correlated to the TMT completion time, further demonstrating the 

consistency of the smartphone application.  

Comparison of Patients and Healthy Controls 

This study did not find significant differences between the MDD and HC groups 

completion time on both TMT and JTT during the baseline laboratory visit. In addition, 

the results indicated that there were no significant differences between the MDD and HC 

groups completion time on the JTT during the three-month period in a remote setting. 

This was an unexpected finding considering that cognitive deficits are predominant in 

individuals with MDD (Snyder, 2013).  Previous research has shown that cognitive 

impairment during episodic phases of MDD observed significant moderate deficits in 

processing speed and executive function when compared to HC (Murrough et al., 2011; 

Rock et al., 2014).  

The first possible consideration is that our participants were less cognitively 

impaired and not representative of the MDD population. The results showed that 

participants in the MDD group had a similar completion time on the TMT when 
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compared to those in the HC group. Further, the average MADRS score was 29.14, with 

95% of our MDD patients experiencing mild or moderate clinical symptoms. Only one 

participant reported severe depressive symptoms on the scale. Self-selection bias might 

have been introduced in this research project as participants who voluntarily chose to 

participate could potentially differ in clinical symptoms from those who do not. It is 

plausible that patients with more severe clinical characteristics and lower cognitive 

abilities may not be drawn to take part in clinical research. Prior scientific literature has 

demonstrated that participants with poorer psychological health such as higher depressive 

symptoms were less likely willing to volunteer in research (Almeida et al., 2008; Donkin 

et al., 2012; van Heuvelen et al., 2005). In one study, Moritz and colleagues (2017) 

examined cognitive impairments in MDD. Patients with MDD exhibited more negative 

attitudes towards neuropsychological testing and lower performance motivation 

compared to HC. Additionally, other empirical work showed that higher depressive 

severity was related with more disengagement from complex cognitive tasks (Bowie et 

al., 2016).  As 87% of our sample volunteered from the community and were not patients 

from the hospital, self-selection bias may have impacted the internal validity of the 

results. Therefore, the JTT are measuring cognition in a similar way as the TMT, and that 

the lack of significant differences is mostly due to characteristics of our current sample. 

Efforts will be made to recruit more symptomatic patients during the completion of the 

study and include a more representative sample of the MDD population 

The second possible consideration is that cognitive dysfunction may fluctuate in 

patients with MDD (Murrough et al., 2011). Prior literature supports that cognitive 

deficits are associated with the number of previous depressive episodes in mood disorders 
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(Kessing, 1998). Indeed, Kessing (1998) found that patients were significantly more 

impaired if they experienced recurrent episodes compared to patients with a single 

episode. Xie and colleagues (2019) demonstrated that poor sleep quality and depressed 

mood predicted reduced cognitive functioning. Sleep disturbances may influence 

cognitive functioning in people with MDD. In addition, McIntyre and peers (2014) 

showed that specific antidepressant medications can also impact cognitive functioning. 

More specifically, they conducted a randomized controlled trial to evaluate the efficacy 

of vortioxetine on adults with MDD. The findings indicated that participants in the 

treatment group significantly improved on subjective and objective measures of 

cognition. Nevertheless, the study did not assess whether the improved cognitive 

functioning resulted in an increased daily functioning. In sum, a wide array of factors 

impact cognition in patients with MDD resulting in a dynamic cognitive functioning in 

this specific psychiatric population.  

  The third possible consideration is the size of the sample, with the data for the 

MDD and HC groups encompassing only 24 and 34 unique participants, respectively. As 

such, the analysis may lack the power to detect significant differences due to small 

sample sizes, especially for the MDD group. In the longitudinal data, on both the JTT A 

and JTT B, participants in the MDD group had, on average, a slower completion time 

relative to participants in the HC group, however these differences were not significant. 

Further recruitment may improve the statistical power of the analyses and could 

demonstrate the ability of the JTT to adequately assess differences in cognitive 

functioning between individuals with MDD and controls.  

 A fourth possible consideration is that age was not perfectly matched between 
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MDD and HC groups. Additionally, the current study found that age was a significant 

predictor of the completion time for both Part A and Part B of the JTT in the MD and HC 

groups. Specifically, as age increased, completion time on the JTT was slower, indicating 

poorer cognition. Since the sample ranged from ages 18-75, I observed a decline in 

cognitive performance on the JTT, which could be related to regular ageing effects on 

cognitive abilities. The results reflect previous scientific literature, which has emphasized 

the role of aging in MDD and cognitive impairments (Thomas et al., 2008). The TMT 

completion time has also been demonstrated to be affected by age (Corrigan & 

Hinkeldey, 1987). Indeed, TMT scores have generally been found to decline with age 

(Davies, 1968; Giovagnoli et al., 1996; Tombaugh, 2004). One study showed that with 

increasing age, TMT performances were slower for patients with traumatic brain injuries 

and control participants, and the validity of the TMT also decreased. There are also 

differences in age and smartphone usage, and habits. Youth may have more abilities with 

technology. Older adults experience difficulties in using smartphones due to a lack of 

knowledge (Mohadisdudis & Ali, 2014).  Zhou and colleagues (2014) noted that older 

adults were unable to appropriately utilize smartphone functionalities compared to 

younger adults. 

Towards Remote Cognitive Assessments 

The results demonstrate that the JTT holds promising psychometric properties for 

the long-term assessment of cognitive abilities. Notably, the test-retest reliability showed 

moderate reliability for Part A of the JTT and good reliability for Part B. That is, 

participants showed consistent cognitive functioning across the longitudinal scores of the 

JTT, supporting the reliability of the JTT across different completion times of the same 
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participant. These findings provide evidence that digital assessments can maintain 

standardized test procedures in a remote location. Manually administered tests are 

susceptible to variations in test procedures and test administrators and are limited to time 

and resources while remote digital assessments implement automated scoring, which 

could decrease time consumption for clinicians and patients (Torous & Powell, 2015; 

Woods et al., 2015). These transportable tests could be completed at any point in time as 

well as in situations of daily life encompassing a wide array of distractions and therefore 

better characterizing cognitive functioning (Torous et al., 2014).  

 Continuous and repeated monitoring of cognition is primordial in patients with 

MDD and therefore, warrants the examination of practice effects in the JTT (Conradi et 

al., 2011). Significant practice effects were not observed on either Part A or B of the JTT 

over the three-month longitudinal portion of the study. The absence of significant 

practice effects in the results suggests that the JTT could be used remotely for a period of 

numerous weeks.  The pen-and-paper TMT has been reported to show practice effects, 

which have previously resulted in the development of alternate test forms (Wagner et al., 

2011). To reduce the potential learning effect, variations of the organization of the jewels 

on the JTT were developed. The MindLAMP application delivers a different version of 

the JTT for every attempt of the cognitive test. Indeed, digital versions of cognitive tests 

provide the ideal format for generating an unlimited number of JTT instances.  Jongstra 

and colleagues (2017) developed a digital version of the TMT without incorporating 

alternative versions or variations of the cognitive assessment. The authors noted a 

learning effect for their smartphone version of the TMT. As the testing was repeated, the 

test scores were significantly increasing with the number of tests performed. Therefore, 



 
 
  

61 SMARTPHONE-BASED ASSESSMENTS FOR DEPRESSION 

future research should consider providing variations of the digital cognitive assessments 

to evaluate users’ cognitive functioning over time. Smartphone-based cognitive testing 

would facilitate the monitoring of cognitive assessment in a noninvasive manner, rapidly 

and repeatedly at a suitable time for the patient (Torous et al., 2014).  

Monitoring Cognitive Functioning and Symptomatology Longitudinally 

 The results indicated that changes in self-reported sleep quality over time could 

influence processing speed as measured by the smartphone JTT A. The higher the quality 

of the self-reported sleep, the faster the completion time on the smartphone application 

over a period of three months. The results are in line with previous scientific literature 

examining sleep disturbances on cognitive variables. Specifically, Lim and Dignes (2010) 

conducted a meta-analysis examining the impact of short-term sleep deprivation in 

healthy adults across several cognitive domains. Significant differences were observed 

for processing speed with moderate effect sizes across the studies selected (g = -0.30, CI 

[0.46, 0.14]). Further, one study showed sleep–wake disturbances in older patients with 

MDD was related to neuropsychological functioning (Naismith et al., 2011). Sleep 

disturbance in late-life MDD was significantly related to performance on tests of 

processing speed (r = − 0.30) and executive functioning (r = − 0.42). Therefore, 

smartphones could be utilized to monitor these numerous manifestations of symptomatic 

behavior. Wisniewski and colleagues (2019) examined the relevance of the MindLAMP 

application in case report series for patients with psychotic illness. The findings 

demonstrated that a smartphone application can identify clinical and behavioral patterns. 

For example, one patient exhibited strong correlations between his anxiety, MDD, 

psychotic symptoms, sleep quality and cognitive scores. A benefit of utilizing a 
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subjective survey through a smartphone application, is that it can be paired with the JTT 

and used as an educational tool to provide key information to patients and their support 

teams such as tracking cognitive functioning and symptomatology in a longitudinal 

manner. Overall, the current findings provide evidence that cognition measured over time 

by the JTT may be susceptible to dynamic factors, such as sleep quality and support the 

predictive validity of the JTT A on the MindLAMP application. 

 Participants with higher sleep quality appeared to have a faster average 

completion time on the JTT B, however the effect was not significant. The JTT are still 

within the exploratory phase, and the subjective sleep quality survey has yet to be 

validated. Indeed, the subjective survey used on the MindLAMP app did not possess any 

psychometric properties. Furthermore, this research only focused on a small part of the 

data obtained by the sleep survey. Perhaps the current survey is not sensitive enough to 

detect meaningful sleep disturbances that impact executive functioning. It is possible that 

the other questions on the sleep survey may have been better predictors of sleep quality 

and should be considered in future research. These factors may have played a role in the 

results obtained in the present study. The small sample size of the study may have 

reduced the chances of detecting a true effect. Upon further review of the literature, it 

appears that sleep disturbances impact executive functioning in patients with depressive 

symptoms. Almondes and colleagues (2016) investigated the association between sleep 

symptoms, executive functioning, and subjective depressive symptoms in 95 older adults. 

MDD and sleep complaints interaction would determine worse executive functioning 

than these two conditions alone. Therefore, further investigation of the JTT B is 

warranted, as executive functions are predictors of neurodegenerative diseases and a 
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history of MDD may increase the risk factor for the development of dementia (Geerlings 

et al., 2008; Muliyala & Varghese, 2010; Speck et al., 1995). 

Strengths and Limitations 

This research has several strengths. The current study is the first to examine the 

validity and reliability of a smartphone application that assesses cognitive functioning 

in individuals with MDD. In addition, the current study provides initial evidence on the 

JTT acceptability, validity, and reliability, as well as critical insight on the potential of 

using such smartphone-based assessments to measure cognition in MDD.  

Nevertheless, these results need to be interpreted cautiously, considering some 

limitations. Due to COVID-19, the study was halted, and the participant recruitment was 

not completed. Therefore, these preliminary results are limited to a small sample size. 

After removing the outliers, the baseline data contained only 18 unique participants for 

the MDD group, and 34 participants in the HC group. It is predicted that further 

recruitment and data collection will improve the statistical power of the analyses. For 

example, a larger sample size may show a stronger positive correlation between the TMT 

A and the JTT A or demonstrate significant completion time differences between the HC 

and MDD groups. A larger sample size may support the impact of sleep disturbances on 

executive functioning, as measured by the JTT B. Additionally, considering that the 

sample size is relatively small, it may affect the generalization of the observed effect. 

Therefore, further studies with greater sample sizes are needed. 

Additionally, a few differences exist between the demographics of participants in 

the MDD and HC groups. While the sample was balanced in terms of age, it was not 

balanced in terms of sex. Indeed, MDD patients remain mostly female and the HC group 
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recruitment was mostly male. While the models did control for both age and sex, these 

differences may have introduced individual variabilities not captured in the control 

variables. I will actively seek to recruit participants to reduce these differences in 

demographics in the pursuit of this project.  

An additional limitation of the present study involved technical difficulties 

regarding data collection. Smartphone application assessments are an increasingly new 

tool in the field of psychiatry, and difficulties are bound to occur as with the development 

of any other technology. Some occasional difficulties arose where the application failed 

to save completion times to the study database. This technical difficulty occurred for two 

patients, requiring these participants to be excluded from the data analyses. The team of 

application developers is continuously working to improve any technical issues occurring 

with the MindLAMP application.  

In addition, participants were instructed to complete the JTT in a quiet 

environment however, these conditions could not be verified. The ideal testing 

environment for one participant may be too quiet or too noisy for another participant. 

Future research should implement a survey check-in after completing the JTT. It is 

important to ask if there were excessive noises in their surroundings or on the other hand, 

if they were focused on the assessments. 

Implications  

The increasingly high Internet and smartphone usage across all generations in 

Western populations indicates that such technology may benefit the current assessment 

of cognition, by providing daily and real-time assessments (Hollis et al., 2018). Daily 

tracking of symptoms and lifestyle habits could provide a closer look into the patient’s 
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everyday life, and what mechanisms may influence their illness (Wisniewski et al., 

2019). Preliminary results of the present study introduce this method of measuring 

cognitive functioning and symptomatology as a future direction in clinical practice and 

research development. Capturing data in this manner could set forth new methods of 

clinical assessments (Torous et al., 2016). While in-person assessments provide 

information that may not be conveniently captured through digital devices, remote 

cognitive technology represents a unique opportunity for more accurate data collection 

and enhanced clinical care (Wisniewski et al., 2019). Mobile technology can support 

evaluations of cognitive functioning in the patient’s home or workplace. Participants 

from the current study had the potential to benefit from the ease of use, convenience, 

and accessibility of the smartphone application cognitive assessments and surveys.  

Considering the steady rise of smartphone ownership and daily-usage, smartphone 

applications may be the key resource for reaching populations with limited access to 

mental health services. Previous empirical research has recognized the limited amount 

mental health services for special-needs communities, such as seniors in rural and remote 

areas and Indigenous communities within the boundaries of Canada. Indeed, a great 

number of these patients have difficulties accessing outpatient clinics or hospitals (Boksa 

et al., 2015; Morgan et al., 2002). Digital assessments could provide an alternative access 

to mental health care for these individuals at risk for cognitive impairments or 

experiencing cognitive impairments, and who do not typically have access to such 

evaluations (Morgan et al., 2009). Implementing remote cognitive testing could decrease 

the patient’s burden to attend the clinic or hospital and increase their engagement 

resulting in potential benefits (Owens et al., 2020). Utilizing smartphone applications 
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may provide a continued tracking of a cognitive impairments progression in patients that 

would otherwise not have access to continued clinical care.  

The COVID-19 pandemic has heightened the need for remote cognitive 

assessments (Nitkunan et al., 2020). The pandemic has led to a reduction in face-to-face 

clinical appointments. Further, one study based in the United States of America found 

that the risk of being diagnosed with COVID-19 was higher for patients with MDD 

(Wang et al., 2021). To reduce the risk of infection, social distancing measures were 

recommended, however, unintentional effects of such distancing lead to a reduction in 

social activity, physical activity and increased depressive symptoms, and these factors are 

associated with cognitive decline (De Pue et al., 2021). Implementing remote cognitive 

assessments to augment clinical care during COVID-19 is primordial. Nevertheless, there 

is a vital need for a framework to guide the remote cognitive and behavioral assessment 

(Geddes et al., 2020). Smartphone applications can provide an opportunity to examine 

how the conventional assessments could be adjusted for remote testing and used to 

monitor cognitive functioning in individuals with a serious mental illness (Larner, 2021; 

Wisniewski et al., 2019).   

While the findings suggest that a smartphone application could be used to assess 

cognitive functioning in individuals with a mental illness, further research is needed to 

evaluate the validity of such assessments in wider mental illness populations. 

Conclusion  

The present study provides preliminary data indicating that utilizing a smartphone 

application is feasible to assess cognitive functioning in individuals with MDD and 

represents a novel approach to assessing cognition in the context of everyday life.  
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The results showed that scores from the pen-and-paper and smartphone 

application cognitive assessments positively correlated with each other. The comparison 

between Part A of the pen-and-paper and smartphone app assessments indicated a 

moderate positive correlation, and a strong positive significant correlation was observed 

between the Part B. No significant between-group interactions were observed between 

the HC and MDD groups. Therefore, the relationship between the TMT and JTT was 

similar across both groups.  

This study did not find significant differences between the MDD and HC groups 

completion time on TMT and JTT during in the laboratory setting and on the JTT during 

the three-month period in a remote setting. Nevertheless, participants showed consistent 

completion time measurements across the longitudinal performance results of the JTT, 

supporting the reliability of the smartphone application across different scores of the 

same participant.  

The current findings indicated that changes in self-reported sleep quality over 

time could influence processing speed as measured by the smartphone JTT A. In 

addition, participants with a higher sleep quality appeared to have a faster average 

completion time on the JTT B, but the effect was not statistically significant. Therefore, 

the results provide initial evidence that the novel MindLAMP app is an accessible, valid, 

and reliable tool to assess cognition in people with MDD. 

Although MDD is a major public health concern, the benefit of smartphone 

application cognitive assessments could be seen in a range of cognitive disorders (Lim et 

al., 2018; Trivedi, 2006). Longitudinal research is needed to observe if smartphone 

application assessments have the potential to improve functioning in a variety of 
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cognitive domains (Liu et al., 2019). The current study can provide a template to further 

the development of additional smartphone application assessments. The smartphone 

Jewel Trail Tests appears to be useful to measure processing speed and executive 

functioning in patients with MDD, and other cognitive domains such as working memory 

or verbal memory remain to be tested. 
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Appendix A:  Informed Consent Form 

Information & Consent Form to Participate in a Research Study 
(Patient participant version) 

 
Protocol Title:  An Observational Study of Digital Technology for Monitoring 
Cognition 
 
Principal Investigator:  Synthia Guimond, PhD, Scientist, The Royal’s Institute of 

Mental Health Research 
        Phone:  613.722.6521 ext. 6586,   Email: 
Synthia.Guimond@theroyal.ca 
 
Co-Investigators:  John Torous, MD, Instructor in Psychiatry, Beth Israel Deaconess 

Medical Center (BIDMC), Harvard Medical School, USA,  Email: 
jtorous@gmail.com 

 
Cecelia Shvetz, Research Assistant, The Royal’s Institute of 
Mental Health Research  

   Phone: 613.722.6521 ext. 6446,    Email: 
Cecelia.Shvetz@theroyal.ca 
 
Study Coordinator: Feng Gu, MA, Research Assistant, The Royal’s Institute of Mental 

Health Research  
   Phone: 613.722.6521 ext. 6599,    Email: Feng.Gu@theroyal.ca 
   
 
Sponsor: Dr. John Torous, BIDMC, Harvard Medical School 
     The Royal’s IMHR eRIMh funding 
 
 
Introduction  
 
Before agreeing to take part in this project, it is important that you read the information in 
this research consent form. It includes details we think you need to know in order to decide 
if you wish to take part in the study. If you have any questions, ask one of the study 
researchers. You should not sign this form until you are sure you understand the 
information. A research assistant will always be available in the laboratory should you 
need any help.  
All research is voluntary. You are free to withdraw from the study at any time. 
Withdrawing from this study will not affect your relationship with any members of the 
research team or any care providers at Royal Ottawa Mental Health Centre (ROHCG) now 
or in the future.  
You can discuss the study with your family doctor, a family member or close friends. If 

you decide to participate, it is important that you are completely truthful about your health 
history and any medications that you are taking.  
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Purpose of the Research 
 
The purpose of this study is to learn if data collected through a smartphone application 
(app) from your smartphone may be helpful in understanding more about difficulties in 
thinking skills present in depression and schizophrenia. This study involves downloading 
an app to your smartphone. This app was developed by researchers at BIDMC and is 
used for research only. The app collects information in two different ways: 
 

● The app will automatically collect location data stored in your phone if you 
decide to enable this function. The app will collect the location information 
gathered by your phone’s location sensor/global positioning (GPS) sensors. 

● The app will also collect data by asking you to complete cognitive tests and 
surveys (about your sleep quality and mood). This is called active data 
collection, and you can decide whether you want to consent to this data 
collection. 

 
We plan to use the data we collect to study whether this information is useful in helping 
us better understand, predict and monitor your thinking skills. For example, does 
sleeping better lead to changes in your thinking skills the next day? 
 
Description of the Research 
 
If you qualify to take part in this research study, you will undergo these research 
procedures:   
 

● At the lab visit, the research assistant will help you download the app to your 
smartphone and show you how the app works. We will ask you to complete all 
the pop-up tests during this visit to get a baseline and to ensure you understand 
the instructions. You will also be asked to answer questions about your mood, 
and perform a pen-and-paper test assessing your thinking skills. 

 
● The visit will take about 2 hours 30 minutes. We will create a unique research ID, 

which will have no identifiable information as your login ID. This app will be 
password-protected using a password of your choice, so no one else will be able 
to access the app.  
 

● You will be invited to keep the app on your phone for three months. If you enable 
the GPS recording, the app will be collecting the location data even if you are not 
using the phone.  
 

● Once a week (on either Mondays, Wednesdays, or Fridays), the app will ask you 
to perform some brief thinking skills tests and take surveys that involve tapping 
on the screen of your phone. Completing the tests and surveys should last about 
10 minutes.  
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● There are a number of thinking skills tests on the smartphone App, but you will 
only be required to perform 2 of them. Please do not complete other thinking 
skills tests. If you do so, a record will be kept and data will be saved. However, 
the data will not be used for analyses.  

 
● It is important to know that none of this survey data or any app data will be 

monitored in real time.  
 

● You are free to not take any tests or surveys when they pop up on your phone.  
 

● You are free to disable the GPS recording at any time.  
 

● The app will record data from the cognitive tests, surveys and GPS (if the GPS 
recording is enabled), and will not access any other information on your phone. 
 

● All the data collected is immediately encrypted on the phone as soon as it is 
collected. When the smartphone is connected to wireless internet, all the de-
identified and anonymized data will be encrypted again and sent to Amazon's 
secure servers for healthcare data. All these data are encrypted and totally 
anonymous.  
 

● Whenever the app sends data off your phone, it deletes that data from your phone. 
If there is not a wifi connection, data will temporarily be stored on your phone in 
an encrypted manner.  
 

● Your encrypted and anonymous data will also be downloaded to a ROHCG 
passport-protected computer in order to perform our study. No one will be 
monitoring this data during its actual collection. 
 

● If you drop out of the study early or choose to withdraw at any time, you can 
delete the app and it will stop collecting any data. You can also delete all the data 
that have been collected from the app at any time by selecting “delete my data”. 

 
This is a 90-day study in which you will first complete a series of questionnaires about 
your clinical symptoms and thinking skills in the laboratory, then use a smartphone app to 
monitor your mood, sleep quality, and thinking skills for 90 days. This study is not a 
treatment study and is only observing your activities, moods, sleep quality, and thinking 
skills – thus your treatment will not be affected. The study app collect two types of data 
that are outlined in detail below. 
 
Passive Data Collection 
 
The app will automatically collect location data stored in your phone if you decide to 
enable this function. The app will collect the location information gathered by your 
phone’s location sensor/global positioning (GPS) sensors. GPS stands for Global 
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Positioning System and allows the phone to know where you are located and stores this 
data. GPS is usually accurate to within 10 feet, which means this app will be collecting 
data on where you are, although your personal location will not be used as data in the 
study. This app will collect GPS data constantly and send the coordinate to the server. 
The coordinate will then be converted to general information about where you are into 
broad summary metrics such as how far you have travelled in a single day or how many 
unique locations you have visited. This data is anonymized and will not be monitored in 
real time. You can disable the GPS recording at any time.  
Active Data Collection  
 
You can decide if you want to complete the weekly surveys and tests, which actively 
collect information from you. The app will offer you surveys and tests about your 
thinking skills, sleep, and mood. These surveys will pop up as reminders on your phone. 
You are free to either take these surveys and tests or choose to ignore them and not take 
them. The surveys will always pop up on a pre-set schedule regardless if you took or 
ignored the last survey.  
 
These cognitive tests and surveys should take less than 10 minutes to complete.  
 
All Data Collected 
 
You are free to stop collecting data at any time by deleting the app from your phone. If 
you drop out of the study early or choose to withdraw at any time, you can delete the app 
and it will stop collecting any data. You can also delete all the data that has been 
collected from the app at any time by selecting “delete my data”.  
 
As noted above, all data the app collects are not monitored in real time and no one will 
be able to respond to that data in real time. If at any time, and for any reason, you need 
help, then you can push the “help” button on the app. It will give you the opportunity to 
call the study coordinator (if you need help with the app), call an emergency number, or 
call any other preprogramed phone numbers you have entered.  
 
Potential Harms (Injury, Discomforts or Inconvenience) 
 
Taking part in the project is considered to be of low risk.  
 
The risks associated with participating are minor given the observational nature of this 
study. The topics discussed in the questionnaires and surveys may cause some emotional 
discomfort. We ask you to inform members of the research team if this is the case. The 
information gathered from these questionnaires is treated professionally and 
confidentially.  
 
To prevent the risk of data insecurity you will need to add a PIN to your phone to 
prevent unwanted access. Security measures to protect privacy threats associated with 
users’ devices include the following measures: password protection, users are 
automatically logged off after 5 minutes of no activity; any data stored locally is 
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automatically encrypted using 256-bit encryption based on the user authentication 
information and cannot be accessed without this information.  
 
You should also never try to take surveys on the mobile application while driving.  
 
You can contact the study coordinator if you need help with the app, and the coordinator 
may answer your call or call you back later. Moreover, you cannot expect that study staff 
will review the information you enter in the app in a timely matter. This warning will be 
reiterated to you when you launch the mobile app along with instructions that you should 
seek care if you experience a worsening of you condition from a health care professional, 
emergency room, or helpline. This screen will have single button links to automatically 
call any of these numbers.  
 
Potential Benefits 
 
There is no direct benefit to you from being in this study. However, your participation 
may help others in the future as a result of knowledge gained from the research. You will 
also receive $30 in compensation for your time for your visit at The Royal’s Institute of 
Mental Health Research. 
 
Protecting Your Health Information 
 
Staff from the Research Ethics Board may look at your research record to check that the 
study is following the proper laws and guidelines. You may be contacted by staff from the 
Research Ethics Board to answer questions about your experience in the study. This is 
done to improve the quality of our research work. 
 
Your personal information, including results from the questionnaires and cognitive 
assessments will be kept strictly confidential except as required or permitted by law. Any 
information that would indicate that a child was being harmed or at risk of such harm, 
would not be kept confidential and instead be disclosed as appropriate to offset that risk.  
 
The data produced from this study will be stored in locked filing cabinets in a secure office 
at the ROMHC. Electronic data will be stored in password-protected files on secured 
computers at the ROHCG. A log linking your name to your anonymous research data will 
be kept separately from the rest of your data. Only members of the research team will have 
access to the data. After the study completion, the data will be kept for 10 years after the 
last publication of this study. They will then be destroyed. 
 
You will not be identified in any publication or presentation of this study.  
 
A copy of the signed consent form will be provided to you.  
 
 
Study Results 
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You will receive a copy of the final study results if you provide the required information 
in the signature pages below. Findings from this study are expected to be reported at 
scientific conferences and to be published in scientific journals.   
Participation and Withdrawal 
 
Participation in any research study is entirely voluntary. If you decide to participate in this 
study you can change your mind without giving a reason, and you may withdraw from the 
study at any time without penalty. 
 
Research Ethics Board Contact 
 
If you have any questions regarding your rights as a research participant, you may 
contact: 
Research Ethics Board  
613-722-6521 ext. 6214 or by e-mail: research.ethics@theroyal.ca 
 
The study protocol and consent form have been reviewed by a committee called the 
Research Ethics Board at the ROHCG. The Research Ethics Board is a group of scientists, 
medical staff, people from other backgrounds (including law and ethics) as well as 
members from the community. The Board is established by the ROHCG to review studies 
for their scientific and ethical merit. The Board pays special attention to the potential 
harms and benefits involved in participation to the research participant, as well as the 
potential benefit to society. The Board is also required to do periodic review of ongoing 
research studies.  
 
 
 

Signature Page 
 

 
An Observational Study of Digital Technology for Monitoring Cognition  

 
Principal Investigator:   Synthia Guimond PhD, Scientist, The Royal’s Institute of 

Mental Health Research 
             Phone:  613.722.6521 ext. 6586 Email: 
Synthia.guimond@theroyal.ca 
 
The research project has been explained to me, and my questions have been answered to 
my satisfaction. I have the right not to participate and the right to withdraw without 
penalty. The potential harms and benefits (if any) of participating in this research study 
have been explained to me.  
 
I have been told that I have not waived my legal rights nor released the investigators or 
involved institutions from their legal and professional responsibilities. I know that I may 
ask now, or in the future, any questions I have about the study. I have been told that records 
relating to me will be kept confidential and that no information will be disclosed without 
my permission unless required by law. I have been given sufficient time to read the above 
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information.  
 
I also understand that all de-identified and anonymized data can accompany the 
publication of the findings in peer-reviewed scientific publication to promote open and 
transparent science. Never your name or any personal information that could 
identify you will be associated with the publication of the data. 
 
I consent to participate to this study. I have been told I will be given a signed copy of this 
consent form. 
 
• I agree to be contacted by IMHR Researchers to be offered other research 
opportunities  
• I agree that all data collected in this study can be shared with other IMHR 
Researchers. The Principal Investigator (Dr. Synthia Guimond) will be the main person 
responsible for the data and its distribution. 
• I am a patient receiving care at the Royal Mental Health Centre and I agree that 
the Principal Investigator can access my medical file to confirm my medication 
information after my first visit, as well as after 3 months to assess any medication 
change. 
 
 
 
Signature of Participant  Name of Participant  Date 

 
 
 
Signature of Person Obtaining 
Informed Consent 

 Name of Person Obtaining 
Informed Consent 

 Date 

 
Principal Investigator Signature  
I, Synthia Guimond, am the Principal Investigator responsible for the conduct of this 
study at the Royal Ottawa Mental Health Center, and I have delegated the explanation of 
this study to this participant to ____________________________ (name of person 
conducting the consent discussion).  
 
_______________________________  ______________________ 
        Signature of Investigator          Date 
 
 
 

 
 

Request to be informed of final study findings 
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*I would like to receive summaries of the study findings        
  
 
 ____________ 
Initials of Participant  
 
Participant’s email (or postal) address:        
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Appendix B: Publications and Conference Presentations 

Peer-Reviewed Publications  

Thérond, A., Pezzoli, P., Abbas, M., Howard, A., Bowie, C. R., & Guimond, S. (2021). 

 The Efficacy of Cognitive Remediation in Depression: A Systematic Literature 

 Review and Meta-Analysis. Journal of affective disorders, 284, 238–246. 

 https://doi.org/10.1016/j.jad.2021.02.009 

 

Conference Presentations 

Thérond, A., Howard, A., Torous, T., Shvetz, C., Gu, Feng., & Guimond, S. (2021, June). 

 Smartphone-Based Assessments to Monitor Cognitive Functioning in Individuals 

 with Major Depressive Disorder. Poster presented at the Brain Health 

 Conference, online, Canada. 

Thérond, A., Howard, A., Torous, T., Shvetz, C., Gu, Feng., & Guimond, S. (2021, June). 

 Smartphone-Based Assessments to Monitor Cognitive Functioning in Individuals 

 with Major Depressive Disorder. Poster presented at the Canadian Psychological 

 Association, online, Canada. 

Thérond, A., Pezzoli, P., Abbas, M., Howard, A., Bowie, C., & Guimond, S. (2020, July). 

 The Efficacy of Cognitive Remediation Therapy in Depression: A Meta-Analysis. 

 Poster  presented at the Canadian Psychological Association, online, Canada. 

Thérond, A., Pezzoli, P., Abbas, M., Howard, A., Bowie, C., & Guimond, S.  (2020, 

 May). The Efficacy of Cognitive Remediation Therapy in Depression: A Meta-

 Analysis. Poster accepted at the Cognitive Remediation in Psychiatry Conference, 

 New York City, U.S.A. Cancelled due to COVID-19.  


