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 I 

Zusammenfassung 

Sprachproduktion ist ein komplexes Konstrukt und beinhaltet zahlreiche kognitive Prozesse. 

Exekutivfunktionen (EFs) umfassen kognitive Prozesse, die zielgerichtetes Verhalten und die 

Produktion von Sprache ermöglichen. Beim Wortabruf spielen verschiedene EF eine Rolle, die 

z.B. für die Wortauswahl, das Erinnern von bereits produzierten Wörtern oder die Inhibition 

von falsch aktivierten Wörtern zuständig sind. Die Wortflüssigkeits- (VF) Aufgabe ist ein 

Diagnostikinstrument, das in vielen neuropsychologischen Testbatterien enthalten ist und als 

Test für EF dient. Dennoch ist die genaue Art der Involvierung der einzelnen EF in der VF 

Aufgabe bisher nicht vollständig geklärt. Gründe hierfür sind vor allem kleine Stichproben und 

eine geringe Anzahl an EF-Tests, die dazu führen, dass Studienergebnisse nur schwer 

generalisiert werden können. 

Das Hauptziel der Studie war es, die konkrete Beteiligung der einzelnen EF in der VF zu 

untersuchen. Als erstes wurden gemeinsame Strukturen der EF-Tests und der VF untersucht 

(Studie 1). Im nächsten Schritt wurden, unter Berücksichtigung individueller Unterschiede, die 

konkreten Zusammenhänge der EF und der VF untersucht (Studie 2). Zuletzt wurde das 

prädiktive Potential der VF Aufgabe untersucht, um zu prüfen, ob die VF zukünftig als 

mögliches diagnostisches Screening für EF eingesetzt werden könnte (Studie 3). In allen 

Studien wurden Methoden des Maschinellen Lernens angewendet, um eine Generalisierung der 

Ergebnisse zu ermöglichen. 

Studie 1 zeigte eine Aufteilung der EF in zwei Faktoren auf, die einfache und komplexere EF-

Tests beinhalteten. Der einfachere Faktor beinhaltete VF Aufgaben und EF-Tests, die den 

Bereichen der kognitiven Flexibilität, Aufmerksamkeit und Inhibition zuzuordnen sind. Der 

zweite Faktor beschrieb EF-Tests des abstrakten sowie des logischen Denkens. Diese 

Ergebnisse zeigen die Einbeziehung von einfacheren EF während der VF. Studie 2 unterstützte 

diese Befunde und identifizierte allgemeine Reaktionsgeschwindigkeiten als zentralen Aspekt 

der VF. Schließlich wurde die Beziehung von EF und VF vice versa untersucht (Studie 3) und 

einzelne EF-Test-Score mittels umfangreicher VF Informationen vorhergesagt. Während in 

Studie 2 nicht alle Bereiche der EF den VF-Leistungen zugeordnet werden konnte, konnte 

Studie 3 alle Unterbereiche der EF vorhersagen. 

Insgesamt erbrachten diese drei Studien neue Erkenntnisse über die Involvierung der EF in der 

VF-Aufgabe und untersuchten darüber hinaus das Potential dieser Sprachproduktionsaufgabe, 

differenzierte Einblicke in EF zu erhalten. Diese Ergebnisse stellen eine Grundlage zur 

Entwicklung sprachbasierter Screenings im klinischen Kontext dar. 



 II 

Summary 

The conceptualization and production of speech are complex processes that require multiple 

cognitive processes. Executive functions (EFs) encompass a set of cognitive processes allowing 

for goal-directed behaviour and facilitating speech production. Different subdomains of EFs 

are well known to play a crucial role in word retrieval e.g., for the selection of correct words, 

remembering already produced words or for the suppression of incorrectly activated words. An 

instrument to test EFs, is the verbal fluency (VF) task, a well-established speech test that is part 

of numerous diagnostic batteries and known to reflect EF performance. However, the concrete 

involvement of the different subdomains of EFs and VF performance remains controversial. 

Reasons for this are small sample sizes and a limited number of EF tests resulting in a lack of 

generalizability of the study results. 

The main goal of this thesis was to investigate the involvement of EFs in VF performance. In a 

first step, the common structure of different EF tests (including the VF task) was investigated 

(study 1). In a second step, the concrete relationship of EFs and VF performance was 

investigated taking into account individual differences (study 2). In a last step, the predictive 

power of the VF task was studied to elaborate the potential of the VF task serving as a diagnostic 

screening for testing EFs (study 3). To examine the generalizability of results, machine learning 

methods were applied. 

Results of study 1 revealed two factors differentiating between more simple and complex EF 

tests. Here, the simple factor included all VF tasks as well as tests tapping into cognitive 

flexibility, attention, and inhibition. The second factor contained tests referring to abstract 

thinking and reasoning. These study results highlighted the involvement of more simple aspects 

of EFs and VF performance. Results of study 2 supported findings of study 1 i.e., the close 

relationship of more simple EF domains including general processing speed and reaction times 

and VF. In a last step, study 3 investigated the relationship of the VF task and EF tests vice 

versa and applied a comprehensive set of VF information to predict EF test performance. While 

study 2 could not reveal relationships of all EF domains and VF performance, study 3 predicted 

EF test performance tapping into all subdomains of EFs. 

In sum, the present three studies provided deeper insights into the involvement of EFs in the 

VF task and further elucidate the potential of a speech production task to gain deeper insights 

into EF performance. These results provide a basis for the development of language-based 

screening in a clinical context. 
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1 Introduction  

Approximately eight billion people use 7.000 different languages worldwide4 comprising 

different vocabularies, sounds, syntax and grammar with the common aim to communicate 

thoughts and needs. Language proficiency involves language specific abilities, such as lexical 

access, and language unspecific cognitive components, such as long-term memory and planning 

abilities5. The actual articulation of words, the sound and prosody of the voice is named as 

speech. Speech is induced by laryngeal structures and motoric abilities. However, articulation 

processes also include cognitive components to build an articulatory plan or monitor overt 

speech6.  

Although there are controversial discussions about the dependencies language and cognition 

perse7, there is consensus that general as well as language specific cognitive abilities are needed 

for successful speech production6–8. A central component of speech production processes are 

EFs containing a set of cognitive functions to control behaviour. They play a major role in 

planning the general content of speech, accessing correct words6, controlling and remembering 

produced speech and facilitate the ability to inhibit or correct words9.  

 

 

1.1 The relevance of executive functions 

The concept of EFs encompasses higher and lower level cognitive functions that refer to a set 

of top-down mental processes which control and modulate goal-directed behaviour10. While 

higher level processes include abilities such as reasoning, planning and problem-solving, they 

influence lower-level processes such as cognitive flexibility, inhibition and working memory11. 

Previous work has highlighted the overall importance of EFs for mental12 and physical health13, 

school success14, cognitive and social development15. In clinical context, EFs play an important 

role in a high number of psychiatric and neurologic diseases and influence the patient’s 

behaviour e.g., in dementia16 or attention deficit hyperactivity disorder (ADHD)17.  
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1.1.1 The measurement and conceptualization of executive functions 

In research and clinical contexts, complex test batteries are used to assess EF performance. 

These test batteries contain a high number of different EF tests to cover the wide spectrum of 

the different EF subdomains. The Delis-Kaplan Executive Function System (D-KEFS)18 is an 

example for a normalized test battery consisting of nine verbal and non-verbal EF tests in 

English. Since these test batteries are standardized and normalized for a specific population, 

test batteries in other languages, like the Wiener Testsystem19 used for German speakers, were 

created.  

Commonly used instruments for assessing problem-solving and reasoning abilities are the 

Wisconsin Card Sorting Test20 (WCST) and Trail-Making Test21 (TMT). In the WCST the 

participant is asked to identify the right card that fits into the pattern of four other cards. Here, 

the challenge is to recognize the change of different patterns and adapt the rules. The TMT 

consists of two parts: In the first part the participant is asked to click on random-sorted numbers 

in a sequential order, and the second more complex part requires clicking on letters and numbers 

in an alternately order. However, studies found heterogenous task performances in patients 

suffering from similar neurological impairments, indicating that similar constructed EF tests do 

not automatically assess exactly identical EFs due to the subtle involvement of additional EFs22.  

EF batteries also include tests tapping into working memory performance. Examples are span 

tasks which are mainly related to numbers or letters. However, these tasks are known to also 

require attention components and additional executive processes23. Therefore, the n-back task 

was developed to capture specialized working memory performance24. This task is used to 

recognize whether the presented item matches the item n turns back. 

The go/no-go tasks25 and stop-signal tasks26 are often used in clinical practice and research to 

measure response inhibition. Additionally, the Stroop task is a commonly used diagnostic 

instrument which is based on naming and reading abilities, and consists of congruent and 

incongruent conditions which are related to colours and written words27. 

Measuring EFs in clinical context is accompanied by multiple clinically and conceptually 

challenges. Firstly, EF test batteries are extremely time consuming. Assessing the full variety 

of EF tests occupies much time and often patients are not able to perform such time and energy 

consuming tasks due to the symptoms of the current disease28. Thus, a detailed insight into the 

patient’s EF performance is rarely possible. Here, disease-specific diagnostic screenings, such 

as the Mini-Mental-Status-Test 29, provide a solution gaining first insights into the patient’s EF 

performance within a short period of time. Secondly, commonly used tests in clinical routine 

are usually pen-and-paper tests. Even though it is well known that digitalized tests provide 
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higher objectivity, efficiency and accuracy, pen-and-paper versions such as the TMT30 are 

applied in clinical context with the aim to simultaneously assess the motor skills of the patient 

and cognition. 

From a conceptual perspective, there are mainly two challenging reasons interpreting EFs: 

Firstly, it is difficult to capture pure EF performance since EFs are closely related to additional 

cognitive processes such as intelligence31. Secondly, due to the specific instructions and the 

laboratory task design, researchers criticize the missing link to real world situations and life-

like activities (ecological validity)32. 

Besides the challenges in testing EFs in clinical context, the general concept of EFs is discussed 

controversially. Here, the contribution of the different aspects of EFs to the overall concept and 

the intertwining of the different EF domains contribute to the complexity of EFs33. Additionally, 

EFs do not represent single processes but rather include a complex macro-construct of various 

cognitive functions34 and there is still a lack of a formal definition of EFs. Consequently, there 

is constant interest in the investigation of common structures of EFs and its relationship to other 

cognitive traits in healthy controls as well as in patients. The concept of EFs has been 

investigated in multiple studies by applying different statistical approaches, such as 

factorization approaches, to better capture the unity and diversity of EFs22. Studies described 

different models and subdivisions of EFs based on the analysis of EF test results. While some 

groups suggested two- and three-factor models, others proposed more elaborated options 

including up to eight different EF sub-domains18. For the sake of simplicity and a consistent 

naming of EFs, many studies rely on a three-factor model as suggested by Diamond11 including 

the subdomains of cognitive flexibility, working memory and inhibition. 

Cognitive flexibility enables people to adapt and change perspectives on spatial and 

interpersonal levels11. Moreover, it involves the ability of pursuing complex tasks and facilitate 

creative thinking. Successful cognitive flexibility performance is built on another EF domain, 

namely working memory. Working memory allows people to hold information in mind 

temporarily and manipulate it with the aim to achieve short-term goals35. Literature 

distinguishes between non-verbal and verbal working memory highlighting the importance of 

working memory for speech production. The third EF subdomain is inhibition, also known as 

inhibitory control. This term embraces the ability to inhibit or control prepotent, automatic and 

dominant actions, thoughts and feelings when they are not appropriate for the current context36. 

It also includes the ability to suppress interfering information37. As mentioned previously, 

inhibitory performance does not act in isolation but is rather intertwined with attention, 

cognitive flexibility and working memory capacities.  
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To summarize, testing EFs is quite complex and requires a broad range of verbal and non-verbal 

tests examining the different subdomains of EFs. However, the high time consumption as well 

as a lack of ecological validity and missing digitalized tools, are still a problem in clinical 

context.  

 

 

1.1.2 The relationship of speech and executive functions in the clinical 

context 

EF test batteries are used in the clinical context for diagnosing various neurological and 

psychiatric diseases. Depending on the specific disease and the underlying impaired neural 

processes, different symptom profiles occur. Although the different EF subdomains are highly 

related to each other, they are distinctly severely impaired in each disease and lead to various 

clinical presentations. These symptoms are observed in the patient’s behaviour as well as in 

their speech. In detail, EFs play an essential role in speech production processes. A high number 

of speech production models describe e.g. single word production processes (Levelt model)6, 

the influence of EFs on visual and verbal subsystems (Baddeley´s working memory model)9 

and neurobiological models of language (MUC)8. However, the respective components of these 

speech production models vary greatly, and it is difficult to compare the exact relationship of 

speech parameters and EFs.  

The close relationship of EFs and speech production is verifiable in many neurological and 

psychiatric diseases. Depending on the specific disease different domains of EF are impaired. 

For example, in Alzheimer’s disease working memory is particularly impaired resulting in an 

increase of misbinding errors38. In these errors, the patient misremembers features of a specific 

object which leads to difficulties in caring for themselves and perform daily living activities39. 

The lack of working memory capacities also affects the semantic system of the patients. This 

involves sematic paraphasias and the use of improper words approximating those intended40. 

Another example of a disease with impaired EFs is schizophrenia. Studies found that cognitive 

flexibility and working memory processing speed are especially impaired in schizophrenic 

patients41. On the behavioural level, this leads to impaired self-monitoring and formal thought 

disorders. On a linguistic level these symptoms result in reduced syntactic complexity42, 

neologisms, derailment and poverty of speech43.  

Due to the occurrence of speech abnormalities, and the close relationship of EFs and speech 

production, EF test batteries also contain verbal components. Some EF tests are provided in 

verbal and non-verbal versions to ensure that the patient’s test performance does not mainly 
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rely on language specific components. The same EF test construct provides different stimuli 

e.g., within the n-back tasks, assessing working memory performance. Here, one option is based 

on non-verbal abstract figures, while the verbal option of the n-back task includes letters. While 

some tests are provided in verbal and non-verbal alternatives, some EF tests mainly rely on 

verbal components, as it can be seen in the Stroop test. This test assesses naming and reading 

interference to provide insights into inhibitory processes.  

 

 

1.2 Diagnostic value of speech production parameters 

Speech production is affected in many neurological and psychiatric diseases and provides 

various insights into cognitive functions44,45. Due to the strong involvement of EFs in speech 

production processes6, the analysis of speech parameters provides a time-saving alternative to 

complex diagnostic EF batteries to gain first insights into EF performance, e.g. in severely 

impaired patients.  

Different types of speech production parameters can be elicited within different types of speech 

tasks. While highly operationalized tasks, such as reading out a scripted text, are known to 

capture prosodic and motoric information46, less structured tasks (e.g. picture descriptions) and 

spontaneous speech are needed to capture more complex levels of speech, i.e. syntactic or 

semantic information47.  

 

 

1.2.1 Verbal fluency and its relation to executive functions 

The VF task is part of many diagnostic batteries and is a wide-spread tool assessing verbal 

ability and providing first insights into executive control in clinical and non-clinical groups. 

Due to the brevity and simplicity of this task it is for example suitable as a bedside test to gain 

first insights into general EF performance48. Moreover, it is implemented as an assessment tool 

for schizophrenia49, stroke severity50 and in a screening for mild Alzheimer´s disease51. Two 

different types of the VF task are used. In the lexical VF task, the participant is asked to name 

as many words as possible related to a specific initial letter (e.g. L or R). The semantic VF task 

requires the production of words belonging to a specific category (e.g. sports, animals). Here, 

depending on the type of the VF task, different restrictions are given to limit options, e.g. names, 

repetitions or words with the same stem. Usually, in clinical context, the VF task is assessed 

for 1 min and the number of correct words produced is evaluated. Within the last decades, 
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research groups investigated the validity of the VF task, tested in specific populations (e.g. 

healthy German participants52) and defined different levels of difficulty such as the difficulty 

level of a certain category or the frequency of specific initial letters. Hence, these levels are 

used to adapt the cognitive demand to clinical populations or healthy controls. To increase the 

involvement of working memory capacities, a switching component was created. Here, 

participants switch between two different categories or letters in an alternating order within the 

same task (e.g. L-S-L). Comparing the cognitive demands, required in the lexical VF and 

semantic VF tasks, researchers suggested an increased demand of strategic search in the lexical 

VF task, whereas the semantic VF tasks mainly relies on the organization of semantic 

knowledge53,54. 

Within a short timeframe of 1-2 minutes participants are asked to access their mental lexicon 

to produce words from a certain category or with an initial letter. They also need to concentrate 

on the given task, select correct words and focus on certain rules. Looking at the cognitive 

requirements more in detail, Rosen and Engle55 described four steps needed for word retrieval 

in the VF task. Firstly, words that are related to the cue get activated. Secondly, already 

produced items are monitored to prevent errors like item repetitions. Thirdly, previously 

produced words are suppressed and lastly, new cues are generated to find new words. An 

essential role for successful VF performance plays working memory performance. It is needed 

to monitor the already produced output and to suppress already produced or incorrect items55. 

Also, Hirshorn and Thompson-Schill described the suppression of activated but not-matching 

or irrelevant responses56. The suppression of repetitive or irrelevant items demonstrates the 

intertwined performance of working memory abilities and inhibitory performance. 

Additionally, cognitive flexibility and planning abilities are involved in VF performance. 

Previous literature particularly emphasizes its involvement in generating new words57. This 

searching process of new items can be subdivided in clustering and switching processes57. 

While clustering describes the ability to search words within a particular subcategory or access 

phonemically related words, switching is needed to change the current category as soon as it is 

exhausted 58. 

Although there is consensus that EFs are essential to perform the VF task, study results 

reporting the concrete involvement of the different domains of EFs and VF performance are 

ambiguous. While some studies identified a relationship between cognitive flexibility59, 

working memory60,61, inhibition60 and VF performance, other studies failed to find a link 

between specific EF domains and VF performance62–64. Moreover, many studies investigating 

the relationship of VF and EFs, just use a few number of EF tests to assess domain specific or 
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general EF performance59,65. Last but not least, the sample size is rather small in many studies. 

Hence, despite the high number of studies investigating the relationship of EFs and VF 

performance, study results do not tend to be generalizable, and the concrete relationship is still 

an open question. 

 

 

1.2.2 Challenges in interpreting verbal fluency performance 

In general, there is consensus that the VF task is a valid tool to gain first insights into executive 

processes60. Several studies suggested the validity of the VF task as a tool to measure EF 

performance. For example, studies demonstrated poorer performance in the VF task of children 

with ADHD compared to healthy controls66. Also, patients suffering from brain damage in 

frontal areas, which are associated with EF performance, produced less words in the VF tasks 

than healthy controls67. 

However, the investigation of the involvement of the concrete subdomains of EFs, i.e., 

cognitive flexibility, working memory and inhibition in clinical populations and healthy 

controls shows differences among the studies. For example, some studies reported a link 

between fewer perseveration errors and a higher number of correct words produced within the 

VF task and better working memory performance68. In contrast, other studies failed to confirm 

these findings62. Similarly controversial results were reported for the concrete involvement of 

inhibitory processes in VF performance60,69.  

Such divergent study findings might be related to the influence of inter- and intra-individual 

differences of participants. Inter-individual differences are e.g., described in the context of fluid 

intelligence. Studies found that the domains planning and reasoning are influenced by the fluid 

intelligence of the participants31, whereas the impact of inhibitory performance on EFs remains 

ambiguous70. Inter-individual differences in VF performance are also affected by age, 

education, and sex. Previous studies stressed that both a higher educational level8 and an 

increasing age72 are associated with better VF performance. Moreover, studies demonstrated 

different searching strategies between men and women in the VF task73. Moreover, fluctuating 

hormonal levels influence the results of studies investigating the concrete relationship of VF 

and EFs. Depending on the levels of hormones, e.g. progesterone74 or cortisol75, participants 

perform faster or provide more correct answers. As well, intra-individual fluctuating hormonal 

levels, e.g. influenced by the menstrual cycle in women, cause varying results in EF and VF 

performance within the same participant76. Thus, there is a wide range of intra- and inter-

individual differences influencing VF performance. However, due to limited time and costs in 
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clinical and research context, the assessment of these parameters is not always possible and a 

comprehensive interpretation of VF performance taking into account individual differences is 

not a standard procedure. 

  

 

1.2.3 Advanced analysis of verbal fluency performance 

As discussed in the previous chapters, the construct of EFs perse as well as the relationship of 

the different subdomains of EFs and VF performance is very complex. Additionally, intra- and 

inter individual differences influence EF performance and language-specific abilities. To gain 

concrete insights into the participant’s EF performance, researchers attempt to assess various 

EF tests tapping into the different domains of EFs and evaluate different aspects of the 

performance (e.g. reaction times, differentiation between error types). Here, digitalized and 

automatic analyses of EF testing contribute to a reduced time effort and increase objectivity28.  

In contrast, the VF tasks is still assessed and evaluated manually. The total sum of correct 

produced words, and occasionally the error types serve as the basis for further interpretations, 

e.g. in patients suffering from primary progressive aphasia77. For many years, the evaluation of 

sum scores and errors was the only parameter analysed in clinical and research context to draw 

conclusions on EF performance78,79. However, in recent years studies started to investigate the 

value of additional linguistic features with the aim to provide deeper insights into the cognitive 

performance in VF tasks. Beside the use of extended VF features per se, objective analysis tools 

were considered, and the field of computational linguistics gained more interests to contribute 

to a more fine-grained analysis of VF performance. 

While the sum of correctly produced items is the commonly used parameter to evaluate VF 

performance, error types, semantic distances and speech breaks have been investigated within 

the last years to serve as further indicators of EF performance. In detail, perseveration errors 

(repetition of an already produced item) or category errors provide additional information about 

working memory capacities68. The evaluation of semantic relatedness between different words 

was shown to quantify different searching strategies within the word retrieval process and 

reflect switching and clustering strategies e.g., in patients suffering from schizophrenia80. 

Particularly, thought-disordered speech of schizophrenic patients can be quantified by 

comparing the semantic distances of patients to those from healthy controls81. Additionally, the 

analysis of speech breaks, also known as latencies, was shown to convey information about the 

lexical access speed and planning abilities within the VF task82.  
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However, these studies only investigated the potential of single parameters of the VF task and 

did not address the full potential of the combined analysis of sum scores, errors, sematic 

relatedness, and latencies to gain deeper insights into EF performance. Moreover, some studies 

still do not exploit the maximum potential of automated and objective methods from 

computational linguistics but rather rely on manual semantic analyses83,84. 

 

 

1.2.4 Advanced statistical methods 

Beside the progression of computational linguistic methods, statistical methods applied in 

behavioural studies changed during the past years. Previous behavioural studies investigating 

the relationship of EFs and VF performance, mainly applied classical statistical approaches. 

Specifically, correlation analyses were used to determine the concrete relationship of the 

different EF subdomains and VF performance, assessed with the total sum of words. Therefore, 

group comparisons were calculated to determine disease-specific abnormalities in EF 

performance.  

Taking into account the progress of methods applied in general e.g., in the field of radiology 

and neuroimaging, it is obvious that machine learning (ML) methods are gaining more and 

more interest. Due to the high number of medically labelled and digitalized patient data, such 

as anamnestic information, brain images or medication information, supervised ML algorithms 

can build complex models based on this data to predict e.g., disease specific symptoms85. In 

supervised ML a model is trained based on a set of labelled observations. To ensure 

generalizability to independent data, the model is validated and tested with unseen data (out-

of-sample testing). While the model is trained with the majority of the dataset, the rest of the 

dataset is held back to validate and test the model86. 

Depending on the algorithm used, it allows for the detection of multivariate interactions and 

non-linear relationships between the respective features and a specific target. There are two 

different options for how supervised ML methods can be applied depending on the present data 

structure: If the data is provided in different categories e.g., differentiating between healthy 

participants and patients with a specific disease, classification approaches are applied. The 

classifier learns the association between the features and the respective classification, creates 

the model and applies it to new data. Thus, the classification analysis leads to the percentage of 

correctly predicted elements. These classification approaches are for example used to classify 

and identify whether a patient suffers from ADHD, predict the specific subtype of ADHD or 

identifies the healthy subjects. In case of continuous data, that is not classified, regression 
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models are applied. Here the results of the model lead to the correlation of true and predicted 

values of the specific target.  

To sum up, ML methods enable the modelling of non-linear and complex relationships while 

still generalizing to unseen data. However, ML methods require a high number of data points 

to gain reliable results. 

 

 

1.3 Aim of the thesis 

The main goal of this thesis was to investigate the potential of the VF task to predict EF 

performance. Therefore, the general construct of EFs was addressed (study 1) and the 

involvement of EFs in the VF task was investigated (study 2). Finally, a set of comprehensive 

features extracted from the VF task were identified to predict EF performance (study 3). In all 

studies, ML methods were applied to calculate predictions and allow for generalization of 

results. 

 

Study 1 

Camilleri, J.A., Eickhoff, S.B., Weis, S., Chen, J., Amunts, J., Sotiras, A. & Genon, S. A 

machine learning approach for the factorization of psychometric data with application to the 

Delis Kaplan Executive Function System. SciRep. 11, 16896 (2021). 

 

The goal of study 1 was to investigate common structures of different EF tests and VF tasks to 

better understand the underlying cognitive processes involved in the VF task. Besides a high 

number of EF tests tapping in the different domains of EFs, different types of VF tasks were 

assessed. In detail, the D-KEFS tests battery consisted of nine different tests covering a broad 

spectrum of verbal and non-verbal EFs. The VF tests included semantic and lexical tasks as 

well as a switching component. This study built the basis for the following studies and 

investigated the general construct of EFs. 

 

Study 2 

Amunts, J., Camilleri, J.A., Eickhoff, S.B., Heim, S. & Weis, S. Executive functions predict 

verbal fluency scores in healthy participants. Sci. Rep. 10, 11141 (2020).  

 

The overall aim of study 2 was to better understand the detailed involvement of different EF 

domains in the VF task. Therefore, the relationship of specific domains of EFs and semantic 

VF performance was investigated using two different statistical methods. In a first step, 
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correlation analysis was performed to investigate linear relationships of different EF tests scores 

and the sum score of the semantic VF tasks. In a second step, a prediction analysis was 

computed to further elaborate more complex and non-linear relationships of the EF tests and 

the semantic VF task. Hormonal levels were taken into account to elaborate the influence of 

individual differences in VF performance. We hypothesised that VF performance is influenced 

by a combination of cognitive flexibility, working memory and inhibition test results.  

 

Study 3 

Amunts, J., Camilleri, J.A., Eickhoff, S.B., Patil, K.R., Heim, S., von Polier, G. & Weis, S. 

Comprehensive verbal fluency features predict executive function performance. Sci. Rep. 11, 

6929 (2021). 

 

In a last step, study 3 investigated the predictive potential of the semantic VF task to draw 

conclusions on EF performance. Therefore, a comprehensive set of VF information was 

extracted from the VF task to predict the EF test scores. These VF features contained different 

aspects of the VF tasks i.e., sum scores, error types, speech breaks and semantic relatedness to 

cover the variety of cognitive demands that are involved in the VF task. Although isolated 

relationships of some of these aspects of VF performance and the different EF domains were 

found in previous studies, we were wondering whether the conglomerate of the various VF 

features could even predict EF test results applying ML methods. 

 

 

1.4 Ethics vote 

Study 1 used open-access data from the Enhanced Nathan Kline Institute – Rockland Sample 

(eNKI). The local ethics committee of the Heinrich-Heine University in Düsseldorf approved 

analysis of the data and all methods were carried out in accordance with relevant guidelines and 

regulations (study number: 4039).  

Study 2 and 3 were performed in accordance with the positive vote by the ethics committee at 

the Heinrich-Heine University Düsseldorf (study number: 6055R; registration-ID: 

2017064341). 
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2 A machine learning approach for the factorization of 

psychometric data with application to the Delis Kaplan Executive 

Function System, Camilleri, J.A., Eickhoff, S.B., Weis, S., Chen, J., 

Amunts, J., Sotiras, A., Genon, S., Scientific Reports, 10: 11141, 

(2021) 
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A machine learning approach 
for the factorization 
of psychometric data 
with application to the Delis Kaplan 
Executive Function System
J. A. Camilleri1,2*, S. B. Eickhoff1,2, S. Weis1,2, J. Chen1,2,3, J. Amunts1,2, A. Sotiras4 & 
S. Genon1,2

While a replicability crisis has shaken psychological sciences, the replicability of multivariate 
approaches for psychometric data factorization has received little attention. In particular, Exploratory 
Factor Analysis (EFA) is frequently promoted as the gold standard in psychological sciences. 
However, the application of EFA to executive functioning, a core concept in psychology and cognitive 
neuroscience, has led to divergent conceptual models. This heterogeneity severely limits the 
generalizability and replicability of findings. To tackle this issue, in this study, we propose to capitalize 
on a machine learning approach, OPNMF (Orthonormal Projective Non-Negative Factorization), 
and leverage internal cross-validation to promote generalizability to an independent dataset. We 
examined its application on the scores of 334 adults at the Delis–Kaplan Executive Function System 
(D-KEFS), while comparing to standard EFA and Principal Component Analysis (PCA). We further 
evaluated the replicability of the derived factorization across specific gender and age subsamples. 
Overall, OPNMF and PCA both converge towards a two-factor model as the best data-fit model. The 
derived factorization suggests a division between low-level and high-level executive functioning 
measures, a model further supported in subsamples. In contrast, EFA, highlighted a five-factor 
model which reflects the segregation of the D-KEFS battery into its main tasks while still clustering 
higher-level tasks together. However, this model was poorly supported in the subsamples. Thus, the 
parsimonious two-factors model revealed by OPNMF encompasses the more complex factorization 
yielded by EFA while enjoying higher generalizability. Hence, OPNMF provides a conceptually 
meaningful, technically robust, and generalizable factorization for psychometric tools.

As of late, research in psychological and medical sciences has been subject to a replication  crisis1–4 that has 
infiltrated many disciplines interested in human behavior including differential psychology and cognitive 
 neuroscience2,5–7. This crisis stems from the finding that a vast number of research results are difficult or impos-
sible to  replicate8. Several contributing factors have been pointed out and possible solutions have been proposed. 
Among the contributing factors, the limited sample size and the flexibility in the choice of analysis appear to 
play an important  role9–12. Specific choices in the sample selection, measure of interest, and the criteria for 
significance, together with specific criteria for evaluating the relevance or validity of the analysis’ outcomes 
are examples of factors that directly influence the final findings and conclusions of any study. This problem has 
been fully acknowledged and extensively discussed in the context of hypothesis-driven studies (i.e., testing a 
specific psychological effect), and potential solutions for the problem have been suggested. Pre-registration of 
confirmatory hypotheses has been recommended to limit a-posteriori choices driven by questionable practices 
such as p-hacking and data-fishing13. However, these practices are more difficult to implement in the case of 
exploratory studies of human behavior, where the analysis is data-driven rather than hypothesis-driven. This 
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applies to the search for latent structure in psychological data capitalizing on multivariate approaches. Actually, 
the replicability issue has been rarely raised in this domain, despite the influence of the choice of analysis on the 
findings has been often  discussed14,15.

A popular exploratory method widely used in psychological research is exploratory factor analysis (EFA), 
which has been introduced in the field by  Spearman16. It aims to reduce a number of observed variables to fewer 
unobserved factors in order to identify a hidden structure in the data and to facilitate  interpretability14. In a 
conceptual or theoretical perspective, these structures are used as constructs in sophisticated models describ-
ing different aspects of human behavior. The established models and structures are then considered as a ground 
theory on which following studies can build to further characterize human behavior. For example, studies have 
built on derived factorial models of executive functioning to establish relationships with other aspects of human 
 behavior17, to examine genetic  influences18, or to propose neural  substrates19 of this cognitive function. In that 
context, an exploratory factor analysis is generally used to identify latent structure in a set of behavioral variables, 
such as a test battery, and the derived structure then serves as a model which is usually a-priori imposed on a new 
dataset using a confirmatory factorial  analysis12. Nevertheless, as noted by Treiblmaier and  Filzmoser14, many 
factor solutions can be derived from one correlation matrix and the final solution represents just one of many 
possible choices. Analyses methods, such as the EFA, involve a number of choices that require the researcher 
to make crucial decisions that have a substantial impact on the results and subsequent  interpretation20–23. Such 
decisions include the number of factors to retain and the criteria used to select this, the type of rotation applied, 
and the interpretation of the resulting factor  solution24. These are choices, that, in addition to the data collection 
aspects such as sample size and test battery, can have an influence on any type of study. Consequently, the lack 
of replicability of factorizations in the literature has been reported in a number of fields. For instance, one can 
point out the diverse and inconsistent factor solutions proposed for psychiatric  scales25; personality  scores26, 
and executive  functioning27–31. In this context, and considering the broader framework of the replication crisis 
in psychological research, it appears necessary to question the utility and generalizability (i.e., the external 
validity) of exploratory approaches to identify latent structure in psychological tools. Traditionally, Principal 
Component Analysis (PCA) has also been used for the investigation of the latent structure of behavioral data. 
To date, the literature is not in agreement as to which method is most appropriate in the context of behavioral 
data. Many authors argue against the use of PCA mainly because this is considered to be solely a data reduction 
method and not a true method of factor analysis in a psychological sciences  perspective32–35. However, other 
authors  disagree36,37. Generally, the main point of debate concerns the perspective in which the factorization is 
applied. As aforementioned, EFA specifically aims to identify hypothetical constructs (also referred to as factors, 
dimensions, latent variables, synthetic variables or internal attributes). In the behavioral sciences, these latent 
dimensions are assumed to be unobservable characteristics of people. Accordingly, the factors derived from an 
EFA are expected to have a theoretical validity. In contrast, PCA aims to provide a summary representation of the 
original variables into components, without having the specific aim to reflect theoretical constructs. Given their 
different aims, EFA and PCA have different ways of conceptualizing sources of variance in measured variables. 
EFA assumes that factors are not perfectly reflected by the measured variables, and thus distinguishes between 
variance in measures due to the common factors and variance due to unique factors. On the other hand, PCA 
does not make such a distinction and the resulting components contain a combination of common and unique 
 variance38. Considering this distinction further implies that EFA factors are assumed to reflect latent constructs, 
and thus should not be expected to vary across subsamples. In contrast, from a data-science perspective, PCA 
and data reduction approaches in general, could be expected to provide different representations depending 
on the datasets by extracting a simplified representation of the data. Given these differences between the two 
approaches, the choice of one approach over the other can influence the result, perpetuating the problem of 
replicability in the identification of latent structures.

Executive functioning is one of the most studied psychological concepts in psychology and is continuously 
examined in cognitive neuroscience. Executive functioning refers to processes central to coordinated, goal-
directed behavior and is thought to play a major role in a wide range of different psychiatric and neurological 
 diseases39. However, despite its significance, the true nature of executive abilities remains rather elusive. One 
of the main reasons for this is that executive functioning is not a single process but rather a “macro-construct” 
encompassing various aspects of mental  functioning40. Moreover, the lack of a clear formal definition of execu-
tive functioning is also due to the nature of the aspects that constitute it, the relationship among these and their 
contribution to the overall  concept41. As a result, there is a constant interest in the study of the structure of 
executive functioning and its relationship with other traits and  behaviors17. Throughout the years, several neu-
ropsychological tests have been designed to capture and measure different executive abilities. However, the meas-
urement of executive functioning poses several  challenges41–44 including the fact that executive functioning tests 
tend to be inherently  impure29. Executive functioning operates on other cognitive processes, and thus any score 
derived from an executive functioning task will unavoidably include systematic variance that can be attributed 
to non-executive functioning processes associated with that specific task  context42,44. This latter issue is referred 
to as the task impurity problem and is addressed by using factor analytical techniques. These map the shared 
variance between tests of executive functioning to a set of latent variables, providing a cleaner estimate of these 
higher-order cognitive abilities than the individual  tests42,45. Consequently, numerous studies have investigated 
the latent structure of executive functioning using different factorization methods and executive functioning bat-
teries. However, the different studies have resulted in diverse findings and conceptual  models27–31. The long-term 
study of factors, or components, of executive functioning is thus particularly illustrative of the plurality of latent 
structures that can be derived from factorization methods in psychological research for a particular concept.

In the clinic, the most popular way of assessing executive functioning is by using test batteries that evaluate 
the diverse higher-order abilities through multiple  tests44. One such test battery that has become increasingly 
common in clinical practice, as well as in research, is the Delis–Kaplan Executive Function  System46. The D-KEFS 
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is one of the first normed set of tests developed specifically to assess executive functioning. It consists of nine tests 
comprising traditional and newly developed tests covering a wide spectrum of verbal and non-verbal executive 
functions, which are all designed to be stand-alone instruments that can be administered individually or together 
with other D-KEFS tests. Past studies have used different methods to attempt to evaluate the latent structure of 
this particular battery, identifying some evidence of diverse latent factors explaining performance on individual 
 tests17,45,47,48. In summary, the D-KEFS represents a widely used psychological tool with applications in clinical 
settings, but for which different factorizations could be proposed in the healthy population.

Considering the heterogeneous factorization results in the literature of executive functioning and psychol-
ogy in general, generalizability should be a crucial criterion of validity in order to reach a conceptual consensus 
in psychological sciences. However, as can be seen in the study of executive functioning, a plethora of models 
exists. In the context of a replicability crisis in psychological sciences, the heterogeneity of models is particularly 
problematic. The use of different models that examine different aspects of interindividual variability prevents 
comparison and integration across studies. However, practically evaluating generalizability is hard due to lack 
of data (and lack of funding support for replicability evaluation). This is particularly the case for factorization 
analyses, which require large sample sizes for each evaluation. Nevertheless, internal cross-validation can be 
used to give insight on how the model will generalize to unseen data that are not used for model derivation. As 
a common approach in the machine learning field, cross-validation consists of the partitioning of a dataset into 
subsets. The analysis is then performed on one subset (the training set) and validated on the other subset (the 
test set) across multiple runs with different training and test sets.

In recent years, the increased use of machine learning approaches has emphasized the use of internal cross-
validation to increase robustness and to estimate generalizability to an independent dataset. This has led to 
the popularization of novel methods, which can also be used as factorization techniques, thus offering a novel 
perspective for behavioral sciences. While these novel approaches are commonly perceived as lacking interpret-
ability and validity when compared to classical statistical approaches, some methods have been developed with 
the purpose of increasing these aspects by adding additional constraints. One such method, the OPNMF (or 
Orthonormal Projective Non-Negative Matrix Factorization), provides a relatively higher interpretability as 
compared to more traditional methods, such as the classic NMF. OPNMF was recently used to identify a robust 
and generalizable factor structure of Positive and Negative Syndrome Scale (PANSS) data from participants 
with  schizophrenia25. The new factor-structure was moreover shown to more reliably relate to specific brain 
functions than the original PANSS subscales, demonstrating the usefulness of this OPNMF  approach49. This 
technique could hence significantly contribute to the definition of robust factorization of psychological variables, 
in particular for widely used psychological tools, such as standard neuropsychological batteries, socio-affective 
questionnaires and clinical scales.

The motivation of this study was two-fold. Firstly, given the importance of generalizability in the identification 
of latent structures, one main goal of the present study was to compare the factorization obtained when using a 
machine learning approach (OPNMF) with a cross-validation scheme, with the factorization derived from more 
traditional approaches that tend to lack the generalizability aspect, in particular EFA, but also PCA. Furthermore, 
a second motivation of this study was to better understand the nature of EF and the tasks commonly used to 
investigate it. To this end, we capitalized on a large open access dataset of healthy adult scores of the D-KEFS 
provided by the Enhanced Nathan Kline Institute – Rockland Sample. This dataset is heterogenous in covering 
the whole adult life span, providing a good gender balance and including participants from the whole population 
(including different ethnicities), thus making it optimal for this study in which generalizability is central. EFA and 
PCA were here performed by using standard statistical techniques as implemented in open access statistical tools 
such as  JASP50. Furthermore, the choice of the optimal number of factors or components for these traditional 
approaches was based on recent guidelines in the field, while the choice of the optimal number of components 
for OPNMF was based on standard criteria assessing not only the quality of the data representation, but also its 
generalizability. Finally, to further evaluate the quality of the different factorizations, we examine the stability or 
generalizability across age and gender subsamples.

Methods
Sample and measures. The current study used age-corrected scaled D-KEFS scores of 334 adults (18–
85 years old; mean age = 46; 101 males) obtained from the Enhanced Nathan Kline Institute—Rockland Sam-
ple (eNKI)51. Written informed consent was obtained from all participants. The local ethics committee of the 
Heinrich-Heine University in Düsseldorf, Germany approved analysis of the data and all methods were car-
ried out in accordance with relevant guidelines and regulations. The main variables of the analyses included 17 
D-KEFS Total Achievement Scores (Table 1), which reflect global achievement scores on the 9 tests included in 
the D-KEFS battery and broadly reflect traditional measures of executive  functioning46. Only participants that 
had scores for all 17 variables were included in the study resulting in the exclusion of 385 participants from the 
original eNKI dataset. Additional information regarding the education level and occupation of the participants 
can be found in the supplementary material. This study used five different (sub) groups: (1) the full dataset 
including 334 adults; (2) a subset of the data including only males (n = 101); (3) a subset of the data including 
only females (n = 233); (4) a subset of the data only including subjects aged over 50 (n = 144); and (5) a subset of 
the data only including subjects aged 50 or under (n = 220).

The D-KEFS battery offers a wide range of tests that tap into many of the established constructs of executive 
functioning. The D-KEFS battery includes the following tests: (a) Trail Making Test, which aims at assessing 
attention, resistance to distraction and cognitive flexibility; (b) Verbal Fluency Test, which assesses the ability of 
generating words fluently from overlearned concepts and thus reflects efficient organization of such concepts; (c) 
Design Fluency Test, which is a non-verbal version of the Verbal Fluency Test and assesses the ability of quickly 
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generating designs; (d) Color-Word Interference Test, which taps into inhibition and cognitive flexibility by 
assessing the ability to inhibit an overlearned verbal response in order to generate a conflicting response; (e) Sort-
ing Test, aims at measuring multiple components of concept-formation and problem-solving abilities; (f) Twenty 
Questions Test, which assesses the ability to formulate abstract questions and to come up with problem-solving 
strategies; (g) Word Context Test, assesses skills such as deductive reasoning, information integration, hypoth-
esis testing, and flexibility of thinking; (h) Tower Test, which assesses spatial planning and rule learning; and (i) 
the Proverb Test, which tests abstraction abilities. All variables included in the present study are presented in 
Table 1. All variables were examined for outliers and visually inspected for inappropriate distribution. Frequency 
distributions for each of the 17 EF variables used in the analyses can be found in the supplementary material.

Factorization of D-KEFS scores using OPNMF. NMF is a factorization method that enables the 
decomposition of a given matrix into two non-negative matrices: (1) a basis matrix with columns represent-
ing the resulting latent factors and (2) a factor-loading matrix representing the loading coefficients. The two 
resulting matrices together should approximate the original data matrix. NMF and its variants have been widely 
used in various recent biomedical studies including metagene  discovery52, classification of cancer  subtypes53,54, 
identification of structural brain  networks55, and identification of dimensions of schizophrenia  symptoms25. 
Such applications of NMF and its variants have shown that such methods do not require the input data to be 
normally distributed. One such variant, the OPNMF, has in fact been shown to derive stable and generalizable 
factor solutions for data with skewed  distributions25,49. The present study aims at discovering the latent structure 
of executive functioning by applying this promising method to D-KEFS performance scores. In order to achieve 
this in an interpretable fashion, the present study adopted a specific variant of NMF, the OPNMF, which adds 
additional constraints to the algorithm in an effort to promote sparsity and hence improved interpretability to 
the  results25,55,56.

Table 1.  Description summary of all variables included in the study.

Test Variable Variable description Measure

Trail making test Number-Letter Switching
Requires examinees to switch back and forth 
between connecting numbers and letters in sequence

Completion time [s]

Verbal fluency

Letter Fluency
Requires examinees to say as many words as possible 
starting with a specific letter in 60 s

Sum of correct responses

Category Fluency
Requires examinees to say as many words belonging 
to a specific semantic category in 60 s

Sum of correct responses

Category Switching
Requires examinees to switch between two specific 
categories in 60 s

Sum of correct responses

Design fluency

Design Fluency—Filled dots
Measures the examinee’s ability to draw as many dif-
ferent designs as possible in 60 s

Total number of correct designs

Design Inhibition—Empty Dots only
Measures the examinee’s ability to draw as many dif-
ferent designs as possible in 60 s while making sure 
that certain responses are inhibited

Total number of correct designs

Design Switching
Measures the examinee’s ability to draw as many 
different designs as possible in 60 s while requiring 
participants to engage in cognitive shifting

Total number of correct designs

Color word interference

CWI—Inhibition
Requires examinee to inhibit reading the words in 
order to name the dissonant ink colors in which the 
word is printed

Completion time [s]

CWI—Switching
Requires examinee to switch back and forth between 
naming the dissonant ink color and reading the word

Completion time [s]

Sorting test

Confirmed Sorts
Participants are required to sort cards into two 
groups according to as many different categorization 
rules or concepts as possible

Total number of correct sorts

Free Sorting Description
Participants are required to describe the concepts 
they used to generate each sort

Total number of correct descriptions

Sort Recognition
Participants are required to identify the correct 
categorization rule or concept used to sort cards that 
have been sorted by the examiner

Total number of correct recognitions

Twenty questions test
Initial Abstraction Score

Examinee is shown pictures of common objects 
and the task is to ask the fewest number of yes/no 
questions possible to identify the object chosen by 
the examiner

Minimum number of objects eliminated by first 
question

20 Questions—Total Achievement Score Sum of weighted achievement scores across all items

Word context test Word Context—Total Achievement Score
Examinee attempts to discover the meaning of a 
made-up word on the basis of its use in five clue 
sentences

Consecutively correct items

Tower test Tower Test—Total Achievement Score

Examinee is required to move disks varying in size 
across three pegs to build tower in the fewest number 
of moves possible to match the target tower while 
following certain rules

Sum of achievement scores (summed up for all items)

Proverb test Proverb Test—Total Achievement Score
Proverbs are read individually to the examinee 
who is required to interpret them orally without 
assistance or cues

Sum of achievement scores (summed up for all items)
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The OPNMF algorithm was first applied to D-KEFS total achievement scores coming from the whole sample, 
with the number of factors ranging from 2 to 9. Additionally, the algorithm was applied to the subsets of the 
dataset that were split by gender and age. The optimal number of factors, and hence the most robust, stable, and 
generalizable factor model, was identified by using cross-validation in 10,000 split-half  analyses25. Considering 
the different sizes of the sub-samples, the cross-validation scheme that was used (i.e., partitioning the dataset 
into subsets and then performing the analysis on the training set and validating it on the test set across multiple 
runs with different training and test sets), ensured the robustness of all analyses, including the ones using smaller 
subsets of the dataset, in a more direct way than classical power and its use in classical statistics. Specifically, 
the eNKI sample was split into two halves, and OPNMF was performed on each split sample to derive the basis 
matrix. Subsequently, each item was assigned to a specific factor based on its largest coefficient within the basis 
matrix. The adjusted Rand  index57, and variation of  information58 were then employed to assess the stability of 
item-to-factor assignments between the basis matrices derived from the two split samples. Although OPNMF 
generates almost clustering-like structure, it allows small contributions from multiple items to specific factors. 
Hence we further evaluated the stability of the whole entries by comparing the two basis matrices as assessed by 
the concordance  index59. For the adjusted Rand-index and concordance index, a higher value indicates better 
stability across splits, while for the variation of information metric, better stability corresponds to lower values. 
Generalizability was assessed by quantifying out-of-sample reconstruction error by projecting the data of one 
split sample onto the basis matrix from the other split sample. A lower increase in out-of-sample error compared 
with within-sample reconstruction error indicates better  generalizability25. All analyses were run using Matlab 
R2018a with customized codes, which are available upon request.

PCA and EFA. Data from each of the five different matrices was additionally subjected to exploratory factor 
analysis (EFA) and principal component analysis (PCA). In both analyses, loading matrices were rotated using 
promax oblique rotation as currently suggested in the  field15. An oblique rotation (which allows correlation 
between the factors) was chosen because of an a priori expectation that higher order factors would reflect a 
coherent domain of executive functioning, as suggested by the goals of the D-KEFS46. Furthermore, previous 
studies showed that executive functioning tasks tend to be  correlated42,60–62, hence justifying the use of oblique 
rotation. In both EFA and PCA, the optimal number of factors/components was determined by using two dif-
ferent methods: the Scree  test63 and eigenvalue Monte Carlo simulation  approach64, ( i.e., parallel analysis) The 
Scree Test has been traditionally used for the selection of number of factors and involves plotting the eigenvalues 
in descending order of their magnitude and determining where they level off to ultimately select the number 
of meaningful factors that capture a substantial amount of variance in the  data65. On the other hand, parallel 
analysis simulates a set of random data with the same number of variables and participants as the real data from 
which eigenvalues are computed. The eigenvalues extracted from real data that exceed those extracted from 
random data then indicate the number of factors to  retain15. This method formally tests the probability that a fac-
tor is due to chance and hence minimizes the over-identification of factors based on sampling  error66. It is thus 
superior to the reliance upon eigenvalue scores generated by factor analytic processes alone. Parallel Analysis has 
also been shown to perform well when determining the threshold for significant components, variable loadings, 
and analytical statistics when decomposing a correlation  matrix67. Finally, for the reader’s information, we also 
reported here a typical goodness-of-fit measure in EFA, the Tucker-Lewis Index (TLI). TLI reflects the ratio of 
the model chi-square and a null-model chi-square. In the null-model, the measured variables are uncorrelated 
(thus there are no latent variables), consequently the null-model has usually a large chi-square (i.e., a poor fit). 
TLI values express the goodness-of-fit of the found model relative to the null-model and usually range between 
0 and 1. As a rule of thumb, a value > 0.95 indicates a good fit , a value > 0.90 indicates an acceptable fit for and a 
value < 0.90 indicates a poor  fit68.

Results
Optimal number of factors across different factorization approaches and subsamples. Based 
on results of the stability measures (Fig. 1), the OPNMF analysis on the full dataset indicated a two-factor model 
as the optimal solution. The adjusted Rand index, variation of information and concordance index between the 
basis matrices, all indicated the two-factor solution to be the most stable. The transfer reconstruction error indi-
cated that the 2-factor solution was the most generalizable. Stability measures for the OPNMF analyses that were 
carried out on subsets of the data split by gender and age showed a similar pattern to the ones resulting from 
the full dataset, thus suggesting a two-factor model for each of the subsets of the data. Both the Scree plot and 
the Parallel analysis carried out for PCA also indicated that the optimal solution consisted of a 2-factor model 
for the full dataset analysis. This 2-factor model was consistent for most PCA analyses performed on the data 
subsets when looking at both selection indices with the exception of the male subset whose scree-plot indicated 
a 4-factor solution. Consistently, in the case of the EFA analyses, the Scree plot indicated a 2-factor model for the 
full dataset analysis (TLI = 0.732) as well as for all the analyses performed on the data subsets (male: TLI = 0.670; 
female: TLI = 0.761; older adults: TLI = 0.745; younger adults: TLI = 0.699, all suggesting a poor fit). However, the 
parallel analyses results yielded more heterogenous findings. EFA parallel analyses results carried out on the full 
dataset suggested a 5-factor solution (TLI = 0.931 suggesting an acceptable fit). When the full dataset was split 
by gender, the EFA analyses results suggested a 3-factor solution for the male subjects only dataset (TLI = 0.837 
suggesting a poor fit) and a 5-factor solution for the female subjects only dataset (TLI = 0.906 suggesting an 
acceptable fit). When the full dataset was split by age, the EFA analyses results suggested a 4-factor solution for 
both older (TLI = 0.894 suggesting a marginally acceptable fit) and younger (TLI = 0.732 suggesting a poor fit) 
age groups. Given the previous literature showing that Parallel Analysis performs well (Franklin et al., 1995), as 
well as the TLI indices that have resulted from our analyses, the Parallel analysis was chosen to be the index of 
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choice. Consequently, the results reported below use the factor-model that was indicated by parallel analyses for 
both EFA and PCA. Figures showing the stability measures for each of the subsets of the data can be found in 
the supplementary material.

Factorization structure across different factorization approaches and subsamples. In the case 
of the OPNMF carried out on the full dataset, the resulting two factor solution consisted of one factor strongly 
loading on Color-Word Interference (CWI), Verbal Fluency and Design Fluency scores and moderately load-
ing on switching components of the Design Fluency Test and the Trail Making Test. The second factor featured 
strong loadings on the Sorting Test, Proverbs Test, Word Context Test and the 20 Questions Test and a weaker 
loading on the Tower test (Fig. 2). This pattern was mostly consistent throughout the different subsamples of 
the data that were split by gender and age, with some minor exceptions. In the case of males only dataset, both 
switching components of the Verbal Fluency Test and the Trail Making Test showed weak loadings onto the 
first factor, while the switching component of the Design Fluency Test showed a stronger loading. In the case 
of females only dataset, the Word Context Test showed weak loadings onto the second factor together with 
the Tower Test. When the full dataset was split by age, the Tower Test, Proverb Test and Word Context Test all 
showed weak loadings onto the second factor in the dataset consisting of older adults, while the 20 Questions 
Test loaded weakly onto the second factor together with the Tower Test in young adults. Noticeably, all subsam-
ples showed the same tests loading onto each of the two factors.

The PCA analyses resulted in component models that showed patterns that were strikingly similar to the 
OPNMF models for the full dataset as well as for each of the subsets. The component model resulting from the 
analysis of the full data set resulted in a two-factor solution that consisted of one factor strongly loading on CWI 
scores and Design Fluency scores and moderately loading on Verbal Fluency Scores and the Trail Making Test. 
The second factor featured strong loadings from the Sorting Test, moderate loadings from the Proverbs Test 
and Word Context Test and a weaker loading for the Tower test and the 20 Questions Test (Fig. 2). This pattern 
was repeated when the PCA analyses were carried out on subsets of female sand younger adults. When the PCA 
analysis was run on a subset that included only males, the factor solution consisted of one factor strongly loading 
on CWI scores and Design Fluency scores, moderately loading on Verbal Fluency Scores and the Trail Making 
Test and weakly loading on the Tower Test and the 20 Question Test. The second factor featured strong loadings 
from the Sorting Test, moderate loadings from the Proverbs Test, Word Context Test and weaker loading on the 
20 Questions Test. The factor solution for the males only dataset consisted of one factor strongly loading on CWI 
scores and Design Fluency scores, moderately loading on Verbal Fluency Scores and the Trail Making Test and 

Figure 1.  Stability measures for full dataset. Left panel shows plots for each of the stability measures used to 
identify the most robust factor solution for the OPNMF analysis. The right panel shows plots for the parallel 
analyses used to identify the most robust component/factor solutions in the PCA and EFA analyses.
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weakly loading on the Tower Test and the Word Context Test. The second factor featured strong loadings from 
the Sorting Test, moderate loadings from the Proverbs Test and the 20 Questions Test.

The EFA analyses resulted in a more heterogenous picture. The EFA analysis of the full dataset resulted in 
a five-factor solution consisting of one factor including scores from the Sorting Test; one factor that included 
scores from the CWI Test and the TMT test; one factor including scores from the Design Fluency Test; one factor 
including scores from the Proverbs Test, Word Context Test, 20 Questions Test and Tower Test; and another factor 
including scores from the Verbal Fluency Test. The EFA results for the males only dataset showed a three-factor 
solution with one factor including scores from the Sorting Test; one factor including scores from the Tower Test, 
Word Context Test and 20 Questions Test and the switching component of the Verbal Fluency Test; and one factor 
including the rest of the scores from the Verbal Fluency Test; the Trail Making Test, the Color-Word Interfer-
ence Test, and the Design Fluency Test. In the females only dataset, the resulting factor structure consisted of a 
five-factor solution with one factor including scores from the Sorting Test; one factor including scores from the 
Verbal Fluency Test; one factor including two scores from the Design Fluency Test; one factor including the Trail 
Making Test, scores from the Color-Word Interference Test, the switching component of the Design Fluency 
Test, the Tower Test and the Word Context Test; and a final factor including scores from the Proverb Test and 20 
Questions Test. When the full dataset was split by age, the EFA resulted in a four-factor solution in both subsets. 
In the case of the older adults dataset, the resulting factor structure consisted of one factor including scores from 
the Sorting Test; one factor including scores from the Verbal Fluency Test, the Color-Word Interference Test, 
the Trail Making Test and the Word Context Test; one factor including scores from the Design Fluency Test and 
the Tower Test; and a final factor including scores from the Proverb Test and 20 Questions Test. In the case of 
the younger adults dataset, results showed one factor including scores from the Verbal Fluency Test; one factor 
including scores from the Design Fluency Test; one factor including scores from the Color-Word Interference 
Test, and the Trail Making Test; and a factor grouping scores from the Sorting Test, Tower Test, Proverb Test, 
Word Context and 20 Questions Test. Result figures for each of the subsets can be found in the supplementary 
material. Importantly, all EFA and PCA analyses were replicated using another open access statistical software, 
 Jamovi69 (version 1.2, https:// www. jamovi. org), and resulted in virtually identical results.

Discussion
Although the field of psychology has acknowledged and discussed the existence of a replicability crisis extensively, 
this issue has received less attention in the context of multivariate approaches for psychometric data factoriza-
tion. This has resulted in heterogenous factorization results for several constructs in psychology, including 
executive functioning. Given the importance of replicability and generalizability in the identification of latent 
structures, the main goal of the present study was to compare the factorization obtained when using a machine 
learning approach (OPNMF) with a cross-validation scheme with the factorization derived from more tradi-
tional approaches, in particular EFA, but also PCA, in the D-KEFS. These latter approaches were performed 

Figure 2.  Factor structure and factor loadings resulting from the PCA, EFA and OPNMF analyses for the full 
data set. Figures show strongest loadings for each variable.

https://www.jamovi.org
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as typically implemented in standard statistical software and following current guidelines, which usually do 
not include generalizability evaluation. In addition to the evaluation of factorization approaches, this study 
provides further insight into the specific nature of the D-KEFS and hence also contributes more generally to the 
understanding of executive functioning. The following paragraphs start with a discussion of the results of the 
EFA analysis with regards to previous literature together with EFA theoretical background. We then discuss the 
convergent results obtained when using OPNMF and PCA from a methodological point of view and also with 
regards to previous literature on executive functioning and the related evaluation tools. Finally, we discuss the 
resulting two-factor solution in the context of a parsimonious and robust representation of executive function-
ing for various applications.

EFA analysis. Using traditional EFA analysis, our investigations of the factorization across subsamples first 
indicate that the optimal solution can vary across subsamples, hence suggesting that the generalizability of the 
factor solution derived by an EFA analysis can be relatively limited. Overall, in the whole dataset, a five-factor 
solution appeared to be the best model fit. This result suggests a segregation that reflects the structure of the 
D-KEFS battery with the Sorting, Design Fluency and Verbal Fluency Tests each being assigned to their own fac-
tors, while tasks that require a certain level of abstraction and problem-solving abilities were grouped together 
in one factor. Thus, overall, the factorial analysis was here strongly influenced by the specific structure of the 
test battery that was used. It is noteworthy that this finding is somewhat contradictory with the core assump-
tion behind EFA that states that EFA reveals unobservable latent variables reflecting meaningful psychological 
constructs. A similar, albeit not identical structure is seen when performing an EFA on females only. In the case 
of males, results suggested a three-factor solution, while in both younger and older adults the EFA indicated a 
four-factor solution. The evaluation of the theoretical validity of the factorization derived here by the EFA in a 
psychological science perspective is complicated by the fact that the literature reports a multitude of different 
factor models, including various factor solutions, all using different methods of factorization, datasets and test 
batteries. In particular, similar exploratory studies that used EFA have also resulted in heterogenous factor solu-
tions ranging from  one70 to six  factors71.

One model of executive functioning that has acquired a significant amount of empirical support is the three-
factor model by Miyake et al.42. This influential study uses a confirmatory analysis approach as opposed to the 
exploratory approach established in the present study, and factorizes executive functioning into shifting, inhibi-
tion and updating. Shifting refers to the ability to switch between operations and perform new operations while 
being faced with  interference42. Inhibition requires the ability to purposefully control automatic or dominant 
 responses42. Finally, the updating factor represents tasks that require the monitoring and evaluating of new 
information and, if necessary, the updating of information in working memory for the successful completion of 
the task at  hand42. Interestingly, the EFA findings of the present study do not overlap with the shifting, inhibition 
and updating factors suggested by Miyake et al.42. However, it is noteworthy that the three-factor model presented 
by Miyake and  colleagues42 was based on a limited set of tasks and did not include an exhaustive list of executive 
functions. Specifically, Miyake’s  study42 and  others61,72, have focused mostly on tasks that require simpler cogni-
tive abilities, and thus tend to not include tasks that tap into more complex abilities, such as problem-solving, 
abstraction and strategic thinking. On the other hand, the D-KEFS battery, which was used in the present study, 
offers a wide range of tests that tap into many of the established constructs of executive functioning, including 
more complex abilities, such as abstraction, reasoning, and problem  solving46,73. Unsurprisingly, the specific set of 
tasks used will heavily impact the resulting factor model. The literature does include studies that have attempted 
to factorize D-KEFS measures using both confirmatory and exploratory approaches. Hence, Karr and  colleagues45 
used confirmatory factor analysis, which led them to the conclusion that the D-KEFS taps into three EF factors, 
namely, inhibition, shifting and fluency. However, this study chose not to include tasks that tap into more complex 
abilities (i.e., Twenty Questions, Word Context, and Proverb Tests) in the input variables. On the other hand, 
Latzman and  colleagues17 used EFA to factorize D-KEFS measures and reported a three-factor model compris-
ing Conceptual Flexibility, Monitoring and Inhibition, which was likened to the Miyake model by the authors.

A number of subsequent studies have supported the three factors of shifting, inhibition and updating pre-
sented by Miyake et al.42 by reporting similar three factor solutions from a series of confirmatory factor analyses 
of diverse cognitive  tasks45,61,72,74. Other similar confirmatory approaches have resulted in different factor solu-
tions depending on the age group that was  investigated75–79. To further understand the heterogeneity of findings 
reported in the literature and the divergence between the results of the EFA in the current study and previous 
conceptualization, it is important to note here that there is a fundamental difference between confirmatory 
and exploratory approaches in terms of their use to identify latent factors. Confirmatory approaches, such as 
Confirmatory Factor Analyses, use knowledge of the theory of the construct and previous empirical findings 
to test a hypothesis that has been postulated a priori. Therefore, the aim of this approach is to verify a specific 
factor structure of a set of observed variables. This approach will hence provide an evaluation that is in align-
ment with current  research45, however will be undeniably impacted by the initial research hypothesis used. On 
the other hand, exploratory approaches identify the underlying factor structure of a set of variables without the 
need of establishing an a priori hypothesis. The latter, thus, allows for the deeper understanding of a construct 
in an exploratory fashion. In other words, confirmatory approaches can be considered as “hypothesis-driven” 
approaches to some extent, while exploratory approaches can be considered as “data-driven” approaches. Dif-
ferences in results when comparing confirmatory and exploratory factor analyses are therefore not surprising.

OPNMF and PCA. While suggesting a different factorization than EFA, PCA and OPNMF together con-
verge toward a similar 2-component model. It is noteworthy that this convergence was observed despite the 
fact that the choice of optimal factor solution was based on different criteria within and between approaches 



9

Vol.:(0123456789)

Scientific Reports |        (2021) 11:16896  | https://doi.org/10.1038/s41598-021-96342-3

www.nature.com/scientificreports/

including the part of variance explained, data representation quality and stability evaluations. PCA and OPNMF 
factorization methods here resulted in one factor that designated loadings to Color-Word Interference scores, 
Verbal Fluency, Design Fluency Test and the Trail Making Test. The second factor featured strong loadings 
from the Sorting Test, Proverbs Test, Word Context Test and the 20 Questions Test and a weaker loading for the 
Tower test. These results seem to indicate a division between tasks that require monitoring and task-switching, 
and more complex tasks that require concept formation, abstraction, and problem-solving. Specifically, tasks 
that require a certain level of abstraction, strategic thinking and problem-solving abilities, such as the Sorting 
Test, Twenty Questions Test, Word Context Test, Tower Test, and the Proverb Test, were all grouped into one 
factor. On the other hand, tasks that require less complex abilities were grouped in another factor. The latter fac-
tor includes tests that tap into abilities such as monitoring, fluency, cognitive flexibility, and inhibition. Hence, 
in contrast to previous results, our results obtained from the OPNMF and PCA analyses suggest a stable and 
robust two factor model indicating a division between Simple and Complex (or low- vs high-level) executive 
functioning tasks. While previous factorization findings of executive functioning do not seem to support our 
findings indicating a split between Simple and Complex tasks, it has been previously shown that people suffering 
from executive functioning impairment, such as in the case of patients with mild cognitive impairment, tend to 
exhibit selective rather than global impairment with some studies showing a separation between impairment on 
simple versus more complex  tasks80–82. The idea of simple versus complex is also reflected in neurobiological lit-
erature in which a separation of tasks between the dorsolateral prefrontal cortex and the ventrolateral prefrontal 
 cortex83 has been suggested. The former has been implicated in the context of more complex aspects of executive 
functioning although not all evidence supports  this83. The notion of separation of tasks based on complexity is 
also in line with the proposed hierarchical organization of the frontal  cortex84. When taking a deeper look at 
the individual measures that were included in the present study, it becomes apparent that there is a noteworthy 
difference between the different measurement approaches used and the subsequent processes that they could 
be eliciting. Specifically, while some of the variables are measures of accuracy (e.g., correct number of items), 
others rely more heavily on time pressure and processing speed (e.g., reaction time and completion time). This 
difference in measurement approaches seems to be reflected in the resulting dichotomy between Simple and 
Complex tasks. In fact, whereas the Complex tasks quite clearly emphasize accuracy, the Simple tasks appear to 
be more overtly driven by the element of time. The number-letter switching task, CWI and CWI switching are 
all direct measures of time while the other variables that have been grouped together with the Simple factor are 
measures of fluency which arguably also involves an aspect of time pressure since its measurement is related 
to time efficiency when recalling items. Additionally, although the factor labelled as Complex in the present 
study includes measures that tap into abilities such as reasoning, abstraction, problem-solving, and strategic 
thinking, this factor also includes measures coming from the Sorting Test. The D-KEFS Sorting Test and tests 
with a similar procedure, such as the Wisconsin Card Sorting  Test85, have been traditionally associated with the 
Shifting or Conceptual Flexibility  factor17,42,45,74. This association appears to be appropriate since the Sorting Test 
and its variants require participants to shift from previous sorting rules to new rules to achieve a greater num-
ber of accurate sorts. However, the Sorting Test also taps into more abstract problem-solving strategies that go 
beyond simple shifting. This complexity of the Sorting Test is reflected by the results of the present study. Thus, 
the factorization derived from PCA and OPNMF appears parsimonious and meaningful from a psychological 
construct standpoint. This study hence demonstrated that the application of machine learning approaches to 
psychometric data can provide interpretable outcomes in a psychological science perspective. It should be noted 
here as well that OPNMF further promotes out-of-sample generalizability by evaluating reconstruction error in 
a left out set across multiple runs, which is a crucial aspect considering the replication issues in psychological 
sciences.

Despite the apparent divergence of factorization results between EFA on the one hand and OPNMF and 
PCA on the other hand, it should be noted that the results of our EFA analyses provide a higher factor model 
that reflects the segregation of tasks that was used in the D-KEFS battery while still assigning a single factor to 
tasks that require abstraction and problem-solving skills. Hence, the parsimonious two factor model can also 
be seen as encompassing the more complex factorization yielded by EFA. The results of the present study thus 
suggest that the OPNMF and PCA results provide a robust and stable two factor solution that separates tasks 
that require monitoring and task-switching from more complex tasks that require concept formation, abstrac-
tion, and problem-solving. Considering all the points discussed above, together with the fact that both methods 
converged towards one robust model, we suggest that our results may reflect a robust factor model that applies 
across a wide age range and across different factorization methods. Given the uncertainty and diverse findings 
of the factorial structure of executive functioning in the literature, this model offers a more scientifically par-
simonious model from both technical and conceptual standpoints. From a technical standpoint, the approach 
established in the present study (i.e., that of reaching a consensus among different technical variations) is the 
most reasonable to our knowledge since it is commonly known that different approaches can result in different 
factor solutions. From a conceptual standpoint, the 2 factor solution presented in this study results in a scientifi-
cally parsimonious model since the differentiation between Simple and Complex is better at reflecting consensual 
real-world concepts than models with a higher number of factors. Considering these scientific qualities, the 
robust and parsimonious two-factor model that emerged from this study should be of higher practical utility 
for characterizing inter-individual variability in executive functioning performance at both the biological level 
(such as genetic and brain subtrates) and the environnmental level (external factors).

Summary and conclusion. In addition to demonstrating the advantages of a machine learning approach 
for the factorization of psychometric data in a replicability perspective, this study also provides a robust model 
of factorization of the D-KEFS. The derived factorization suggests a division between low-level and high-level 
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executive functioning measures, a model further supported in subsamples. In contrast, EFA, highlighted a five-
factor model as the better fit to the overall cohort, but which was poorly supported in the subsamples. This 
five-factor factorization reflects the segregation of the D-KEFS battery into its main tasks while still clustering 
higher-level tasks together. Thus, the parsimonious two-factors model revealed by OPNMF underlies the more 
complex factorization yielded by EFA while enjoying higher generalizability. Hence the application of OPNMF 
to psychometric data in the present study provides conceptually meaningful, technically robust and generaliz-
able factorization for psychometric tools.
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Executive functions predict 
verbal fluency scores in healthy 
participants
Julia Amunts1,2 ✉, Julia A. Camilleri1,2, Simon B. Eickhoff1,2, Stefan Heim3,4 & Susanne Weis1,2

While there is a clear link between impairments of executive functions (EFs), i.e. cognitive control 
mechanisms that facilitate goal-directed behavior, and speech problems, it is so far unclear exactly 
which of the complex subdomains of EFs most strongly contribute to speech performance, as measured 
by verbal fluency (VF) tasks. Furthermore, the impact of intra-individual variability is largely unknown. 
This study on healthy participants (n = 235) shows that the use of a relevance vector machine approach 
allows for the prediction of VF performance from EF scores. Based on a comprehensive set of EF scores, 
results identified cognitive flexibility and inhibition as well as processing speed as strongest predictors 
for VF performance, but also highlighted a modulatory influence of fluctuating hormone levels. These 
findings demonstrate that speech production performance is strongly linked to specific EF subdomains, 
but they also suggest that inter-individual differences should be taken into account.

Executive functions (EFs) refer to a set of cognitive processes that allow for goal-directed behavior through the 
regulation of various cognitive subprocesses. Since EFs permeate behavior, they also impact daily activities as well 
as social and personal development, including school or job success1. The importance and pervasiveness of EFs 
has led different fields of study to investigate these control mechanisms with the goal of differentiating the vari-
ous subdomains of EFs. This, in turn, has resulted in a number of different conceptualizations based on different 
approaches, all attempting to subdivide EFs into different domains. While a consensus does not yet exist about 
how exactly to subdivide and name EFs, there is general agreement that there are three core EFs: (1) cognitive 
flexibility, (2) working memory and (3) inhibition1 (but see Karr et al.2,3). Higher-order EFs, such as reasoning, 
planning and problem solving, are then built on the basis of these subdomains.

The various sub-domains of EFs have been shown to be impaired in a number of neurological and psychi-
atric diseases, such as attention-deficit/hyperactivity disorder (ADHD)4, Parkinson’s disease5, depression6 
and schizophrenia7. Different diseases present their own typical EF deficits and clinical diagnosis attempts to 
assess the specific patterns of the disease. For example, in the case of Parkinson’s disease, patients suffer from 
difficulties in dual-tasking which is reflected in the deficient combination of memorizing and manipulation of 
thoughts and tasks8 but also in impaired speech characterized by semantic paraphasias and reduced word fluency 
due to a lack of EFs5,9. To assess these symptoms different test batteries have been developed. These batteries, 
which include tests tapping into the different EF sub-domains, are used for neuropsychological assessment in 
both clinical settings and lab-based environments. Commonly used batteries are the Delis-Kaplan Executive 
Function System (D-KEFS) and the Vienna Test System, both of which offer a wide range of tests probing each 
of the EF sub-domains and have been independently validated10–12. Commonly used tasks tapping into the 
different sub-domains of EFs comprise the Wisconsin Card Sorting test (WCST), Tower of London (ToL) and 
Trail-Making test (TMT) to assess cognitive flexibility5,13,14, n-back tasks and the Corsi block tapping test to cover 
the sub-domain of working memory15,16 and the Stop-signal task or the Stroop test (color-word interference) to 
probe the sub-domain of inhibition. All of these are commonly used in the clinical5,17 as well as in the scientific 
context14,18. Importantly, due to the overlap of the different domains of EFs, these tests cannot be assumed to 
target one specific domain of EFs only.
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Beside subdomain-specific EF tests, clinical and research test batteries also include a speech-based task, 
namely the verbal fluency (VF) task but the explicit involvement of different EF subdomains in the VF task 
is reported controversially especially when considering inter-individual differences19. The well-established and 
often-used VF test assesses the number of words generated in a given time (usually 60 seconds) and has been 
found to be a sensitive measurement for testing EFs in both non-clinical groups19 as well as in neurological 
patients20. VF tests mainly comprise two types of tasks: The phonemic/lexical VF, requiring the generation of as 
many words as possible beginning with a specific letter (e.g. C, F); and semantic VF, in which the examinee is 
asked to produce words that belong to a specific semantic category (e.g. fruits, animals). Additionally, most VF 
tests include a switching task in which words from two different categories are produced in an alternating order21.

The relationship between VF and the various subdomains of EFs has frequently been investigated in both 
healthy controls19,22–24 and patients17,25. Concerning the relationship between VF and working memory, some 
studies showed that better working memory performance leads to less perseveration errors26 and a higher total 
score of produced words in the VF task22,27. However, a clear link between working memory and VF performance 
has so far not been found19,28. Similarly, the relationship between VF and response inhibition is not clear yet. 
While some studies report lower scores in VF concomitating with a decline of inhibition performance22 other 
studies failed to find a link between VF and inhibition20,29. Finally, regarding the relationship between VF and 
cognitive flexibility, studies report a positive correlation of switching between categories in VF tasks and cognitive 
flexibility performance21. However, there are also findings which indicate that there is no relationship between 
EFs and VF performance30.

Altogether, results concerning the relationship of EFs and VF are ambiguous. This might, at least partly, be 
based on inter-individual variability of both EFs and VF. For example, a pronounced effect of age was identified 
by multiple studies showing a significant negative correlation between age and the different aspects of EFs as 
well as VF performance31–34. Furthermore, fluid intelligence has been found to be related to the performance in 
EFs tasks tapping into the subdomains of planning and reasoning and35. In contrast, inhibition was shown to be 
independent of intelligence in children with problems performing attention tests36.

The complex involvement of EFs in VF performance has also been shown to be modulated by the influence 
of inter-individual variability like dynamically varying hormonal levels. Especially sex hormones like estradiol 
and progesterone have been shown to influence performance in EFs tasks37,38. It was shown that cognitive per-
formance varies during the different phases of the menstrual cycle with high progesterone and estradiol levels 
leading to faster reaction times and better accuracy37,39. Moreover, cortisol, which is mostly associated with stress, 
appears to impact EFs, but literature addressing this topic is ambiguous. On the one hand, studies found a posi-
tive relationship e.g. between cortisol level and working memory40 or cortisol level and performance in cognitive 
flexibility tasks41 in men. On the other hand an inverse relationship was found in cognitive flexibility tasks in 
women41 and in working memory performance42. Additionally to the influence on EFs varying hormonal levels 
could be also linked to VF performance43. To investigate the role of varying hormonal levels studies implement 
different procedures: While some inject specific hormones and assess the change of cognitive functions due to this 
injection44,45 other studies analyze intra-individual differences measuring the naturally varying hormonal level 
at different points of time37,40. Test data of EFs and VF are commonly analyzed with classical statistical methods. 
For example, correlation analyses have been previously used to investigate the relationship of VF and specific 
subdomains of EFs46. Other studies have investigated group differences between patients and healthy controls to 
e.g. examine sex differences in VF strategies19 or to explain the relationship of memory and VF in patients with 
Alzheimer’s disease28. Furthermore, factor analysis has also been applied to investigate common cognitive struc-
tures of VF performance24,30.

Considering previous literature investigating the relationship of EFs and VF in more detail it is obvious that 
each work contributes to a better understanding of this relationship but generalizing this knowledge is still 
difficult. Specifically, these limitations are e.g. due to the small subject size or reduced EF test batteries which 
does not represent overall EF performance. Generalizability is also restricted due to the applied methods. All 
the above-mentioned methods are applied to investigate within-sample effects to understand the theoreti-
cal hypothesis-driven neuropsychological relationship between VF performance and EFs. However, it is so far 
unclear to what extend VF task performance reflects the different subdomains of EFs. To address this question, 
more advanced statistical methods should lead to a more detailed insight into the complexity of VF performance. 
Machine learning models can be used to characterize complex behavior with the ultimate goal of identifying and 
predicting psychiatric diseases47,48. In contrast to classical statistical analyses, these prediction analyses use large 
sample sizes and a high number of variables as well as a cross-validation approach by training a model on part of 
the dataset and then validating it on unseen data. Applying machine learning methods on a wide variety of EF 
tests enables to capture the complex and non-linear relationship of EFs and VF performance.

To contribute to a deeper understanding of the so far inconclusive relationship between EFs and VF, the 
present study used a machine learning approach to investigate to what extent VF performance can be explained 
by subdomain-specific EF tests. We hypothesize that VF performance can be explained by a conglomeration of 
cognitive flexibility, working memory and inhibition test scores, which is further modulated by individual varia-
tions of fluctuating hormone levels.

Methods
Participants. The age of the 253 healthy participants was ranging from 20–55 years (mean age 35.3 ± 11.0, 
99 males). Participants were monolingual German speakers and received different levels of education (finished 
middle school: 10, professional school/job training: 70, finished high school with a university-entrance diploma: 
76, university degree: 97). Participants were recruited in North Rhine-Westphalia (Germany) via social networks 
and the Forschungszentrum Jülich mailing list. Testing sessions took place at the Forschungszentrum Jülich, with 
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a duration of 150–180 minutes depending on the time needed for instructions and the speed with which the par-
ticipants passed the tests. A remuneration fee of €50 was paid.

Data collection. Data was collected by four different examiners, all of whom conducted several pilot testings 
and were instructed by the study leader to ensure a common standard. The examiner gave standardized instruc-
tions before starting each test and help was provided by the examiner whenever the participant had any questions 
regarding the instructions or tests. The testing session included 13 EF tests and 3 semantic VF tasks. The EF test 
battery consisted of computerized versions of neuropsychological tests covering domains of inhibition, working 
memory and cognitive flexibility. Ten of these tests were taken from the Vienna Testsystem test battery and three 
were designed with PsyToolkit49. In this study, we assessed commonly used EF tests like the Stroop and TMT. We 
used a broad selection of EF tests to cover all subdomains of EFs and to detect most influencing tests and their 
variables. A complete list of the tests is shown in Table 1.

Results of the neuropsychological tests can be seen in Table 2.
The semantic VF tasks were based on the Regensburger Wortflüssigkeitstest50. This test is a standardized neu-

ropsychological assessment that has been thoroughly tested for reliability, validity and objectivity50. Due to 

Measure Description Main variables

Cognitive flexibility/Planning

Trail-Making test

The task consists of 2 parts. In part A, numbers from 1–25 are displayed on the screen in 
a haphazard fashion. The task consists of clicking on the numbers in sequential order as 
quickly as possible. In part B numbers from 1–13 and letters from A-L are presented on 
the screen. participnts must click on the numbers and letters alternately and in ascending 
order.

Errors in part A/B, 
difference part B-A, 
quotient B/A

Raven’s Standard 
Progressive 
Matrices

Eight items that form one pattern are shown to the participants. The task requires the 
participants to identify one missing item out of 6 choices to complete the pattern. The 
difficulty of recognizing each pattern increases during the course of this test.

Process time, correct items

Wisconsin Card 
Sorting test

Four stimulus cards illustrating different geometrical figures are presented. These cards 
differ in the number, color and form of the figures. The task is to match one additional 
card to one of the four cards using the correct rule (match for number, colour or form 
of figure) without knowing which rule is applied.Thus, participants are required to shift 
rules accordingly.

Number of perseveration/
non-perseveration errors

Tower of London
Three rods are presented on the screen: The left rod holds three balls, the middle rod two 
balls and the right rod one ball. The participants are asked to move the balls from the 
starting state to ta target position using a minumum number of moves.

Planning ability, number of 
correct respones

Cued task 
switching

A coloured figure is presented on the screen. Participants are required to respond to 
either the color or figure task. Figure task: Particpants press matching button (left or 
right) depending on the type of the figure (triangle or rectangle); colour task: Particpants 
press matching button (left or right) depending on the colour of the figure (blue or 
yellow).

Number of incongruent/
congruent errors

Working memory/Attention

N-back non verbal
A sequence of 100 abstract successive figures are presented to the particpants. The task 
consists of indicating whether the current stimulus matches the figure shown two turns 
back (2-back paradigm).

Number of correct and false 
responses

Non-verbal 
learning test

Nonsensical, irregular, and geometric figures are presented on the screen. In the course 
of the test some figures are shown multiple times. For each figure the participants has to 
decide whether the current figure has already appeared or whether this figure is being 
shown for the first time.

Correct/false responses, 
sum of difference between 
correct minus false 
responses, process time

Corsi block 
tapping test

Nine irregularly arranged cubes are presented to the participants. A cursor touches a 
certain number of cubes in a specific order; The task is to repeat the given sequence 
correctly. The length of the sequence increases the more correct sequences the particpants 
complete.

Block span, correct/false 
items, error types (omission, 
sequence mistake)

WAF-G (divided 
attention)

The participants are required to focus on two geometric figures and one auditory 
stimulus. At a certain interval the stimuli change their intensitiy (figure gets lighter and/
or auditory stimulus gets higher). The participants have to respond when two stimuli 
become lighter/higher twice in a row.

Mean reaction time, number 
of false alarm, missed items

WAF-R (spatial 
attention)

Four triangles are presented in four spatial positions (similar to Posner paradigm). The 
participants are required to react if a triangle changes intensity (gets darker). In the 
neglect test a interfering/matching visual cue is given but this cue do not always indicate 
the correct answer.

Mean reaction time, number 
of false alarm, missed items

Inhibition

Stop-signal task
The test consists of two parts: 1) The participants are asked to respond to the direction of 
an arrow stimulus. 2) The participants have to repeat task as in previous step but should 
withhold their motoric response whenever they hear an auditory signal.

Stop-signal reaction time, 
stop-signal delay, number of 
different error types

Simon task

The participants are asked to press the right button if they read the word "right" and the 
left button if they read the word "left". The words are either presented on the right or left 
part of the screen. The reaction time of the participants is usually longer whenever the 
stimlus is incongruent to its position (e.g. the word "left" is on the right side of the screen).

Interference reaction time, 
incompatible/compatible 
errors

Stroop test

Names of colors (e.g., "blue", "green", or "red") are displayed on the screen in a color 
which is not denoted by the name (i.e., the word "blue" is printed in red). The test 
consists of two conditions: 1) Naming - participants are asked to respond to the colour 
of the words; 2) Reading - participants are asked to respond to the meaning of the word 
with naming. A baseline measure is taken at the start of the test to assess reading and 
color naming (color and word refer to the same concept).

Baseline time of naming 
and reading, reading 
interference, naming 
interference, errors

Table 1. Overview of executive function test battery.
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language-specific differences in the frequency and usage of letters and categories51 this German version of VF task 
was used. Two of the tasks were simple semantic VF tasks in which the participant had to name animals (t1) and 
jobs (t2). The third semantic VF task was a switching task in which the participant switched between fruits and 
sports (t3) within the same task. Each of the three tasks was performed for 2 minutes. The VF tasks were presented 
with Presentation software (Neurobehavioural Systems) and the participant’s responses were recorded automati-
cally. Following the testing session, the recorded speech was transcribed and words were coded manually as being 
either correct answers or errors. The number of correct words were counted for each task (t1, t2, t3) and the sum 
score of total number of correct words across all three VF tasks was used in all further analyses. To broadly repre-
sent VF performance, the sum of all VF tasks was selected to include different aspects of the task. This variety of 
VF performance is beneficial to build a machine learning model which is complex enough to reflect the complex 
patterns of VF performance.

In addition to the main test set of EFs and VF tasks, phenotypical data was collected through questionnaires 
to gather information regarding the physical and psychological well-being of the participants. These question-
naires included the Beck Depression Inventory (BDI-II) (Beck, Steer & Brown, 1996) which was used to collect 
information regarding depressive symptoms. Saliva samples were collected at the beginning and at the end of the 
test session. The two saliva samples of each subject were sent to an external lab which pooled both samples before 
carrying out analysis for cortisol, progesterone, estradiol and testosterone. Additionally, the testing session also 
comprised further speech tests (word-picture interference task, picture description, spontaneous speech), for 
which results will not be reported here, as they will be independently analyzed. This additional data will then be 
described in a subsequent paper. Moreover, we aim to publish a data paper which will describe all aspects of data 
collection, test selection and testing procedure in detail while also making this data publicly available.

Collection and analyses of the data presented here was approved by the ethics committee of the Heinrich-Heine 
University Düsseldorf. We confirm that all experiments were performed in accordance with relevant guidelines 
and regulations. Moreover, informed consent was obtained from all participants.

Data analysis. The original dataset of 253 participants was reduced to 235 due to missing data of some par-
ticipants (94 males; 101 participants were aged between 20–31, 70 between 32–43, 64 between 44–55). From all 
EF tests 72 variables (Supplement 1) were extracted based on the features provided by the Vienna Testsystem and 
PsyToolkit49. VF performance was represented by the sum score of correct words across all VF tasks.

Two independent analyses were computed. In a first analysis, Spearman correlations were computed to ana-
lyze the relationship of each EF variable and VF sum scores. Here, a reduction of the 70 EF variables was used. 
Specifically, EF variables were selected based on the EF test manuals provided by the Vienna Testsystem in 10/13 

Variable M ± SD Min - Max

Age 35.33 ± 11.04 20–55

Education 4.05 ± 0.90 2–5

Cortisol 0.12 ± 0.08 0.001–0.42

Estradiol 3.61 ± 5.27 0.01–44.7

Progesterone 65.09 ± 93.62 6.25–940.97

Testosterone 79.96 ± 99.5 2.41–597.61

Trail Making Test Difference part A-B [sec] 7.60 ± 6.25 −3.32–40.57

Raven’s Progressive Matrices Correct items 27.86 ± 3.3 14–32

Wisconsin Card Sorting Test Perseveration errors 7.91 ± 3.45 4–24

Tower of London Planning ability 7.51 ± 2.20 1–12

Cued Task-Switching
Switch costs (reaction time switch tasks - reaction 
time in non-switch tasks)

0.05 ± 0.08 −0.15–0.39

N-back nonverbal Correct items 8.40 ± 2.94 1–14

Non-verbal learning Test Sum of difference between correct minus false 19.54 ± 7.78 −4–35

Corsi Block Tapping Test Block span 5.68 ± 1.10 3–9

WAF-G (divided attention) False alarm (crossmodal) 3.10 ± 4.86 0–34

WAF-R (spatial attention) Errors 3.61 ± 3.38 0–18

Stop-Signal Task
Stop signal reaction time (mean reaction time - 
mean stop signal delay) [sec]

0.21 ± 0.07 0.03–0.50

Simon Task
Reaction time difference (reaction time 
incongruent - reaction time congruent items) [sec]

0.03 ± 0.04 −0.14–0.16

Stroop Test Reading interference [sec] 0.14 ± 0.08 −0.04–0.50

Stroop Test Naming interference [sec] 0.13 ± 0.08 −0.02–0.46

Semantic Verbal Fluency sum1 36.77 ± 8.30 19–57

Semantic Verbal Fluency sum2 26.08 ± 6.60 11–45

Semantic Verbal Fluency sum3 21.98 ± 4.34 8–34

Semantic Verbal Fluency sum all sum1 + sum2 + sum3 84.83 ± 15.45 50–125

Table 2. Neuropsychological data of participants.
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EF tests. In cases where multiple main variables were provided by the Vienna Testsystem, the main variable was 
selected based on previous literature investigating EF performance. In contrast to the Vienna Testsystem, tests run 
within Psytoolkit are not standardized and thus do not come with associated test manuals. Thus, the selection of 
main variables of tests designed with Psytoolkit (3/13) were selected based on previous literature.

Considering the influence of sex and age on the performance in EF and VF tasks19,22,34 data were adjusted for 
these variables by linear regression and analyses were computed with the residuals.

In a second analysis, the possibility of predicting VF from EF scores was investigated by applying supervised 
learning via a sparse (relevance vector machine; RVM) and non-sparse (partial least squares; PLS) model using 72 
EF variables (Supplement 1). Generally speaking, sparse models aim to reveal a sparse structure and detect cor-
relations among redundant features52. Specifically, RVM is based on the Support Vector Machine (SVM) but is a 
Bayesian sparse technique which allows for the prediction of a specific target value from a set of different features. 
In contrast, PLS is similar to principal components regression and is based on covariance. Results given in the 

Figure 1. Plots of significant correlations of executive function tests and total verbal fluency sum score. The 
performance in verbal fluency task is represented by the total number of correct words produced across all 
three semantic VF tasks (t1 + t2 + t3).The negative correlation in plot b-f are due to the divergent direction of the 
scores since these variables describe different types of errors, reaction or process times (the higher the worse the 
performance) while the performance in the verbal fluency is represented by the total amount of correct items 
(the higher the better).

Figure 2. Correlation of true and predicted verbal fluency sum scores applying Relevance Vector Machine 
algorithm.
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main manuscript focus on the RVM approach, while results for the PLS analysis are given in the supplement. Sex 
and age were regressed out from VF score and from EF data in a cross-validation consistent way.

Before running the prediction analysis, data was transformed to z-scores. A 10-fold cross-validation was then 
performed for which the data set was randomly split into 10 sets, 9 of which were used for training while the 10th 
set was held back and used to perform the prediction in previously unseen data. Ten replications of the 10-fold 
cross-validation were performed and thus 100 prediction models were computed. Prediction performance was 
assessed by computing the correlation between real and predicted values.

Beside testing statistical significance of prediction performance, we also examined which specific EF fea-
tures significantly impact prediction performance. To determine which EF features (EF test variables) contribute 
most strongly to the prediction, we employed an approximate permutation test procedure, in which associations 
between features (total set of EF variables) and labels (VF sum score of each participant) were randomized. That 
is, the VF performance score was randomly permuted while the feature matrix was kept unchanged. The RVM 
analysis was repeated for each permutation and accuracies for 100 permutations were used to construct an empir-
ical null distribution for each feature, which was used to compute the statistical significance of the contribution of 
each feature as the proportion of permutated labels achieving a better prediction than then original labels.

Results
Correlations between executive function scores and verbal fluency performance. The correla-
tion analyses identified multiple significant results which are shown in Fig. 1.

The highest negative correlation coefficient can be seen between the number of missed items in WAF-G 
and the VF performance (r = −0.21; p = 0.0009) indicating that a better performance in divided attention is 
associated with a higher VF score. Likewise, inhibition ability measured by the naming interference variable of 
the Stroop test (r = −0.20; p = 0.001) shows a negative correlation with the VF score. This result indicates that 
participants who successfully inhibited proponent behavior in the Stroop task perform better in the VF task. 
Additionally, abstract reasoning assessed with the Raven’s Progressive Matrices test (SPM) reveals a positive cor-
relation (r = 0.19; p = 0.003) to VF performance indicating a demand of cognitive flexibility and planning while 
generating words from a specific category. Similar results were found for the TMT (r = −0.14; p = 0.029) and the 
number of perseveration errors in the WCST (r = −0.14; p = 0.032) which particularly reflect the involvement of 
cognitive flexibility and working memory in the VF task. Additional to the EF battery we also found a significant 
negative correlation of the VF tasks and the Cortisol level of the subjects (r = −0.13; p = 0.042).

Prediction of verbal fluency performance from EF scores. The correlation of true and predicted val-
ues was r = 0.28 (p < 0.0001) (Fig. 2).

In order to quantify the contribution of the different EFs variables to VF performance, features with significant 
model weights in the approximate permutation test were identified. As can be seen in Fig. 3, 8 features belonging 
to 4 different EF tests and 2 hormones were identified.

The EF feature with the highest impact on the prediction analysis is “mean reaction times” of unannounced 
items of the spatial attention test WAF-R. The RVM analysis also revealed another “reaction time” feature of 
WAF-R which represents “reaction time” in items with a long stimulus onset asynchrony. The influence of atten-
tion on VF performance was also shown in a feature of WAF-G assessing the number of missed items in a divided 
attention test. These results show that participants reacting faster in attention tests also perform better in the VF 
task, identifying overall reaction speed and correctness as a central component in VF performance. Since WAF-R 
is not only assessing attention but also includes inhibitory requirements, these results highlight the role of atten-
tion and inhibition during VF performance. The explicit role of inhibition can be also detected in the variable 
“naming interference” of the Stroop test indicating that inhibition is an essential component to successfully pro-
duce words within or between two different categories. The analysis also revealed the predictive meaningfulness 
of cognitive flexibility and planning, by showing that “non-perseveration errors” in WCST and “process time” in 
SPM contribute essentially to the prediction analysis. The WAF-R was the only test presenting more than one var-
iable represented in the most predictive features, both of which contain reaction time information. With regards 
to non-EF features, the RVM analysis also identified stress hormone cortisol and sex hormone estradiol as highly 
predictive variables (Fig. 3).

Figure 3. Features displaying strongest impact on prediction analysis.
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Corresponding results of the PLS analysis revealed a correlation of true and predicted values of r = 0.35 
(p < 0.0001). However, in contrast to the results of the RVM analysis, approximate permutation test did not 
reveal any significant p-values identifying specific EF features. Detailed results of the PLS analysis are given in the 
Supplementary Material (Supplement 2).

Discussion
The aim of the study was to elucidate to what extent VF performance can be explained by different subdomains 
of EFs and which types of EF variables contribute most strongly to the prediction of VF performance. In a first 
step, we correlated the different EF scores with the number of correctly produced words across the three semantic 
VF tasks. This analysis revealed significant correlations between SPM, Stroop, TMT, WCST, WAF-G, WAF-R 
and the VF task performance. These EF tests tap into two EF domains, namely cognitive flexibility and inhibi-
tion. We further investigated the relationship of EF scores and VF by prediction analyses to gain insight into the 
contribution of the different EF test variables. We showed that EF data predict VF performance and that beside 
cognitive flexibility and inhibition, reaction time and attention play important roles in predicting VF perfor-
mance. Additionally, hormonal influences were identified as meaningful parameters to predict VF performance, 
highlighting the influence of inter-individual differences in VF performance. We first discuss the results in the 
direct context of the different EF subdomains cognitive flexibility, inhibition and working memory. Secondly, the 
involvement of EFs in the VF task is discussed in a more general context addressing the role of attention as well 
as the meaningfulness of reaction times. Finally, the influence of varying hormonal levels illustrates the impact of 
inter-individual differences on VF performance.

Multiple tests within the domain of cognitive flexibility were shown to be related to VF performance. The 
highest correlation was found for the SPM test followed by TMT and WCST. While the correlation analysis 
revealed a relationship of these tests with VF performance, the prediction analysis confirms the importance of the 
features describing errors in WCST. Additionally, the prediction analysis highlights the component of processing 
speed during SPM which was not identified by correlation analysis. In congruence with these results, previous 
studies have linked VF with cognitive flexibility21,53,54. Paula et al.21 investigated this relationship in healthy adults, 
using simple and switching semantic VF tasks and three different EF tests, including the TMT. They found that 
this particular measure of cognitive flexibility correlated well with both simple and switching VF tasks. The influ-
ence of cognitive flexibility on VF was also examined in a study by Troyer et al.54 who discussed the importance of 
cognitive flexibility assuming that two different abilities are needed for VF: (1) verbal memory for the creation of 
clusters and production of words belonging to a specific subcategory; (2) strategic search and cognitive flexibility 
which enables shifting between clusters54.

It should be noted that the present results concerning the SPM might have to be treated with caution since 
this test also encompasses aspects of fluid intelligence55–57. Due to the relationship between EFs and fluid intelli-
gence58,59, it may not surprise that fluid intelligence also impacts VF performance as has been shown in studies on 
schizophrenia60 and bipolar disorder patients61 as well as healthy controls60.

Altogether, considering that three out of five cognitive flexibility tests contribute to VF performance, the pres-
ent results point to a crucial influence of cognitive flexibility on VF performance, especially to cluster words and 
switch between categories.

In addition to the domain of cognitive flexibility, inhibition tests were also identified to play a role in VF per-
formance. Specifically, both the correlation analyses and prediction analysis revealed that the naming interference 
of the Stroop test is related to VF. Previous studies report ambiguous results when investigating the relation-
ship between inhibition and speech production. For example, a positive correlation between inhibition, assessed 
with a stop-signal task, and the reaction time in picture naming46 was found but could not be validated in VF 
tasks23. Discussing these ambiguous results, the authors suggest that while stop-signal tasks measure the partici-
pant’s ability stopping a planned response (response inhibition), VF tasks tend to involve the ability of suppressing 
the activation of competitive target responses (selective inhibition). In the present study selective inhibition was 
assessed by the Stroop test. In the naming subtask of the Stroop test the participant is asked to name the color in 
which the word is printed. Incongruent items, in which the color of the word does not match the written word 
evoke a longer reaction time, indicating that prepotent responses (i.e. the meaning of the written word) have to 
be suppressed. This is very similar to the kind of inhibitions that participants are challenged with in the VF task 
when needing to suppress words which have already been produced. In accordance with previous literature24, the 
present suggests that selective inhibition, specifically as reflected in the naming interference of the Stroop test, is 
a key parameter to drive VF performance. An alternative interpretation of the naming interference of the Stroop 
test and the total number of words produced in the VF task relates to the association between verbal processing 
speed and dominance of word reading. Individuals with a high verbal processing speed can be assumed to also 
show a stronger dominance of word reading then those with slower verbal processing. This stronger dominance 
of word reading, in turn, can be expected to go along with a stronger interference effect in the STROOP task, thus 
explaining the correlation between naming inference in the STROOP task and VF performance.

In addition to cognitive flexibility, working memory and inhibition we also investigated the role of attention 
in VF performance. While divided attention (WAF-G) was linked to VF performance in the correlation analysis, 
multiple variables of the spatial attention test (WAF-R) and divided attention test (WAF-G) contributed to VF 
performance in the prediction analysis.

Previous studies also described attention as a crucial cognitive function to perform VF54. In particular, it could 
be shown that divided attention particularly impacts the switching component of the VF tasks. At first glance, 
the influence of the spatial attention test on the speech task might be surprising since there are no spatial require-
ments in the VF task. Nevertheless, we assume that beside the component of attention per se the involvement of 
inhibition which is also part of this task might also have an effect on these results. With respect to the relationship 
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of VF and divided attention, results are consistent with previous literature highlighting the influence of divided 
attention especially in the VF switching task54. To sum up, attention might be a crucial aspect for performing VF 
task. In particular, we hypothesize that attention is a fundamental and permanent cognitive requirement during 
updating the current status of already produced words as well as being efficient in producing words within or 
between two.

Surprisingly, the present study did not find a relationship between working memory and VF performance in 
both the correlation and prediction analysis. However, previous studies investigating the involvement of working 
memory in VF tasks also report ambiguous results: For example, one study assessing a digit-span and spatial-span 
test did not find a significant relationship between working memory and VF28. However, other studies have 
reported results that indicate updating of information and working memory performance have a high impact on 
VF scores23,62,63. Additionally, another study found the relationship between memory performance and VF to be 
specific to women19. The missing link between working memory and VF in the current study might be the type 
of variable which was selected to represent VF performance. Here, the sum of correctly produced words was used 
as the main measure of VF performance. While measuring VF performance, this variable does not contain infor-
mation about the types of errors that occur during the VF task. Although word repetitions (perseveration errors) 
did not count as correct produced words this error type is not analyzed separately. However, perseveration errors 
are described as a sensitive indicator of working memory performance. Additionally, the relationship between 
working memory and VF performance measured with the total sum of words has so far been mainly investigated 
in patients or older participants22,27 but rarely in healthy controls. Thus, we assume that the number of correct 
produced words might be less meaningful to reflect working memory in healthy controls than error-specific 
parameters like perseveration errors.

In general, prediction results reveal specific EF tests and variables which are closely linked to VF performance. 
Besides differences in the strength of the relationship between certain EFs and VF, the EF test constructs them-
selves might also have partially influenced analysis. In particular, the reliability of some EF tests is discussed con-
troversially64,65. Thus, some EF tests might not represent actual EF performance well and such a poor reliability of 
EF test might be reflected in the relationship of EF to VF as studied here.

Comparing correlation and prediction analyses, crucial differences in the results were observed. At first 
glance, the EF tests identified in the prediction analyses are similar to those of the correlation analyses but include 
additional variables. Specifically, the prediction analyses reveal a number of additional variables that measure 
how fast participants completed the tests and how many errors they made. While there is limited literature about 
the influence of processing speed in cognitive tasks on VF performance, some studies have addressed processing 
speed in general in the context of cognitive functions66,67. Another study found relationships between processing 
speed, working memory, inhibition and VF scores24. Additionally, poorer processing time has been associated 
with poorer cognitive performance in older adults66. The association between processing speed and EFs has been 
also observed in patients with depression67. In line with these findings, another study investigated the role of 
processing speed in schizophrenia patients and suggest that especially in working memory tasks assessing speed 
might be helpful to detect patterns of schizophrenia68. In respect to VF performance, processing speed was iden-
tified as being closely related to speech production31 and is reported as a predictor for VF in ageing69. Based on 
previous literature and our present findings, we assume that processing speed is a general aspect involved in both 
EFs tests and VF tasks. Particularly, it can be assumed that due to the time limit of 2 minutes in the VF tasks par-
ticipants are zealous to name as many words as possible. This general behavior might also be relevant in EF tests. 
Thus, we suggest that processing speed and reaction times indicate that people acting fast in cognitive tasks also 
perform more successfully in VF tasks than participants thinking more in detail about their answer. Additionally, 
we assume that the complex influence of processing speed on VF performance might be beyond what can be 
described as a linear relationship. This might explain why the impact of speed is detectable in the prediction com-
putation but was not found the correlation analysis.

In addition to the relationship between EFs and VF this study also assessed the influence of hormonal fluc-
tuations to investigate the influence of inter-individual differences. The results showed that the stress hormone 
cortisol and the sex hormone estradiol have a high impact on VF performance. In line with other studies44,45 our 
analyses indicates that there is a negative correlation between cortisol level and the performance in cognitive 
functions. However, previous studies have also linked an increase of cortisol to better cognitive performance40,41. 
To our knowledge, rather little is known about the influence of estradiol on VF performance. However, studies 
investigating the influence of estradiol on EFs show that higher estradiol levels particularly leads to better per-
formance in shifting and cognitive flexibility tasks37,39. Moreover, a link between hormonal contraceptives and 
VF performance43 has been shown. These results demonstrate that women taking hormonal contraception and 
consequently having significantly lower estradiol and progesterone levels, perform worse in the VF task than the 
control group43. The high impact of cortisol and estradiol in the prediction analysis suggest that fluctuating hor-
mones are essential parameters for predicting VF performance and that intra-individual differences in hormone 
levels need to be considered when examining the relationship of cognitive functions and speech production tasks. 
Thus, it shows that although EF test variables are closely related to VF performance VF is a complex construct 
which is also driven by hormones and attention.

Our prediction analyses yielded important insights into the relationships between EFs, VF and inter-individual 
differences. However, some open questions remain concerning both inter-individuality and speech related topics. 
Firstly, due to the fact that inter-individuality influences both EFs and VF performance, further studies would 
benefit from gathering additional inter-individual parameters. For example, a test for assessing intelligence might 
be useful to control for the influence of intelligence on each test, especially on the SPM, making it possible to 
better differentiate the impact of cognitive flexibility on VF performance. Secondly, intra-individual differences 
could be further investigated by gathering saliva samples at two different time points. In this study saliva sam-
ples of each participant were pooled. A comparison of the hormones level before and after testing might help to 
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provide insights into individual strategies dealing with stress. Beside inter-individual influences of hormonal 
levels on EFs41, studies also report intra-individual variety e.g. due to different phases of the menstrual cycle38. 
Therefore, an analysis of hormonal levels within each participant taken at different time points could reveal an 
additional dimension representing intra-individual differences.

Considering speech-specific issues, a vocabulary test could contribute to better understand inter-individual 
differences. Previous studies showed that the vocabulary size has a positive impact on VF performance54,70. 
Moreover, additional parameters reflecting VF performance could help to gain deeper insights of searching strat-
egies during VF tasks. In particular, semantic analyses provide details of clustering and switching24 and could 
indicate the participant’s strategies which could then be linked to EF performance.

A more general consideration is related to the predictive methods as used in this study. An independent data 
set assessing the same variables that were used in the study does not yet exist. Thus, it was not possible to validate 
our results in a totally independent dataset. Instead, we applied 10-fold cross-validation by repeatedly training 
the model on parts of the data while keeping a subset out as a validation sample. However, we are aware of the 
need to validate our results in an independent dataset to better generalize our results and suggest a replication of 
this study on an independent sample which could prevent study-specific biases. However, due to the broad and 
specific collection of the EF test battery finding a similar data set could be difficult. An additional independent 
dataset with similar EF tests could be used to test split-half reliability investigating the construct of EF tests. Due 
to the high number of participants which is needed to apply machine learning methods it was not possible to split 
our data in two groups and running the prediction analysis on the split data. The ambiguous results of the RVM 
and PLS analysis also need to be considered. While both approaches revealed a significant correlation between 
true and predicted values, the PLS approach did not identify any significant features (Supplement 2). This might 
be due to the fact that PLS is a non-sparse machine learning method, which will include all features in the predic-
tion model. In contrast, it is the nature of sparse models like RVM to build the prediction model based on most 
relevant features only.

Due to the high number of participants and the large battery of EF tests this study provides a detailed view on 
the involvement of EFs in VF tasks and examines the influence of fluctuating hormones. It investigated to what 
extent EF tests can represent semantic VF performance and shows that cognitive flexibility and inhibition are the 
main domains involved in performance on the VF task. Additionally, attention seems to be a central component 
of the VF task. The most striking observation to emerge from the data analysis was the new and more detailed 
view of the EF tests and variables that are best at predicting VF performance. While correlation analyses provided 
first insights into the relationship of EFs and VF, the prediction analyses revealed the importance of speed param-
eters. In particular, our results suggest that beside the influence of specific EFs, more general components such as 
attention and speed are crucial aspects of successful VF performance. These results also highlight the advantage 
of the prediction analysis since it revealed concrete variables of EF tests which also represents cognitive abilities 
not directly linked to specific EF subdomains or representing standard variables.

A better understanding of the cognitive demands that are required for the successful performance of VF tasks 
can potentially lead to a more wide-spread use of VF tests in the clinical context, thus EF tests that tend to be 
time-consuming and inaccurate. Additionally, VF tests tend to better reflect real-life conditions than lab-based EF 
batteries. A detailed knowledge of meaningful test variables could later on lead to insights into which subdomains 
of EFs could be replaced by VF tasks and which subdomains of EFs still have to be assessed by additional EF tests. 
This link between EF and VF represents a first step towards a speech-based EF-test. Furthermore, it indicates that 
in investigating the relationship of EF and VF the complex construct of VF performance should be considered in 
research and clinical context.

Furthermore, taking the influence of varying hormonal levels into account our study suggests that beside 
inter-individual differences intra-individual fluctuations could play an important role in evaluating VF perfor-
mance in clinical context.
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Comprehensive verbal fluency 
features predict executive function 
performance
Julia Amunts1,2*, Julia A. Camilleri1,2, Simon B. Eickhoff1,2, Kaustubh R. Patil1,2, 
Stefan Heim3,4, Georg G. von Polier1,5,6 & Susanne Weis1,2 

Semantic verbal fluency (sVF) tasks are commonly used in clinical diagnostic batteries as well as in a 
research context. When performing sVF tasks to assess executive functions (EFs) the sum of correctly 
produced words is the main measure. Although previous research indicates potentially better insights 
into EF performance by the use of finer grained sVF information, this has not yet been objectively 
evaluated. To investigate the potential of employing a finer grained sVF feature set to predict EF 
performance, healthy monolingual German speaking participants (n = 230) were tested with a 
comprehensive EF test battery and sVF tasks, from which features including sum scores, error types, 
speech breaks and semantic relatedness were extracted. A machine learning method was applied to 
predict EF scores from sVF features in previously unseen subjects. To investigate the predictive power 
of the advanced sVF feature set, we compared it to the commonly used sum score analysis. Results 
revealed that 8 / 14 EF tests were predicted significantly using the comprehensive sVF feature set, 
which outperformed sum scores particularly in predicting cognitive flexibility and inhibitory processes. 
These findings highlight the predictive potential of a comprehensive evaluation of sVF tasks which 
might be used as diagnostic screening of EFs.

Executive functions (EFs) comprise cognitive processes that enable goal directed  behaviour1. Previous litera-
ture investigated the general cognitive processes that fall under the umbrella term of EFs and encompass both 
lower-level cognitive processes and higher-level processes. The former include working memory, inhibition and 
cognitive flexibility which represent the building blocks for higher-level processes such as planning, reasoning 
and problem  solving2.

While the number and definition of different EF subprocesses remains  controversial3, there is strong evidence 
that EFs are impaired in a large number of  neurological4,5 and  psychiatric6,7 diseases. Therefore, the measurement 
of EFs forms a crucial part of the clinical neuropsychological diagnostical routine in order to detect and specify 
impairments such as frontal lobe  damages8. Multiple test batteries such as the Delis-Kaplan Executive Function 
System (D-KEFS)9 and the Vienna Test System10 provide numerous EF tests to capture a wide range of the differ-
ent aspects of EFs. However, many EF tests are mainly based on pen-and-paper versions which tend to be time 
consuming while also lacking accuracy. Moreover, there are discrepancies between unnatural test instructions 
and naturalistic tasks in everyday life which leads to a lack of ecological validity of commonly used EF  tests11.

There is consensus, that EFs play a crucial role in speech production  processes12,13. Cognitive flexibility is 
required to activate general lexical concepts while later working memory capacities are needed for remembering 
already produced words. Here, the episodic buffer and phonological loop, which are also related to the working 
memory system, serve as central  components12. Since EFs are also involved in speech production, verbal fluency 
(VF) tests are integrated in several clinical diagnostic batteries to assess EFs. E.g. in B-CATS—an assessment 
tool for schizophrenia; NIH stroke scale – assessment for quantifying stroke severity; BCSB—screening for mild 
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Alzheimer´s disease; and D-KEFS—broadly applicable assessment used for assessing diseases such as epilepsy 
or Parkinson´s disease.

Two different types of VF tests are commonly used. On the one hand, VF is assessed with a lexical task. In 
this task participants are asked to produce as many words as possible with a specific initial letter within a specific 
timeframe (usually 1–2 min). Due to the fact that all requested words start with the same phoneme, the lexical 
VF task is also commonly referred to as phonological VF task. On the other hand, the semantic VF (sVF) task 
requires the production of words belonging to a specific category (e.g. animals or fruits), regardless of the initial 
letter of the word. The lexical VF task is driven by phonological and lexical cues, whereas the sVF task requires 
attributes of a specific semantic category.

Within each type of the VF task, it is also possible to modulate the demand on EFs by applying a switching 
component. Here, participants are asked to switch between two different categories in alternating order within 
the same task (e.g. fruits-jobs). VF performance is generally evaluated by calculating the total number of correctly 
produced items. However, in the neurological literature, it has been shown that specific patterns of VF impair-
ment greatly depend on the damaged brain  regions14,15. Thus, studies suggest the need for a more differentiated 
analysis of VF  performance16.

In general, there is consensus on the involvement of EFs in the VF task in healthy  controls17 as well as their 
impairment in  patients15,18. In detail, it is assumed that semantic knowledge and memory as well as cognitive 
flexibility are required to build semantic associations in sVF tasks whereas the lexical VF tasks require the sup-
pression of grouping words with shared  associations19. Additionally, in both types of VF tasks, inhibition is 
presumably needed to suppress competitive responses and to avoid perseveration  errors20,21, while attention, 
updating and working memory processes are simultaneously involved to keep the processing speed high, to 
remember already produced items and to produce as many items as  possible12.

Although previous findings undergirded the involvement of executive control processes in the VF  task22, 
the diagnostic validity of VF tasks to assess EF performance remains  controversial23,24. In particular, it has been 
found to be affected by multiple factors such as the underlying language component in the VF task, underlying 
cognitive processes such as intelligence, and fluctuating hormonal  levels25,26. Moreover, the literature is not in 
agreement with regards to the specific relationship between VF and EF. Various studies report a positive cor-
relation between working memory, inhibition, cognitive flexibility performance and the total score of produced 
 words22,27. In contrast, other studies failed to identify a clear relationship between VF performance and EFs in 
one or more EF  domains24,28. Notably, in previous studies, classical statistic methods were used to e.g. investigate 
group comparisons of EF performance in patients and healthy controls. Applying correlational analyses, studies 
investigated linear relationships of VF sum scores and different EF  domains29.

However, within the last years VF tasks per se have gained more interest as a predictive tool for clinical deci-
sion making, e.g. in  schizophrenia30 or mild cognitive  impairments31 since they offer an alternative to the highly 
time-consuming testing procedure of  EFs11. The growing interest in the predictive value of VF tasks might be a 
result of the increasing use of machine learning algorithms investigating speech production to predict disease 
specific  properties32–34. The main appeal of the machine learning approach is its ability to train a predictive 
model by identifying patterns in high dimensional data which can be subsequently used to make predictions in 
unseen data. Additionally, interpreting models can provide information with regards to which specific features 
contribute most to accurate predictions. Based on a data-driven learning, predictive modelling enables research-
ers to capture (non)-linear relationships, generalize associations and to potentially subsequently transfer these 
to a clinical context.

Although the VF task is commonly evaluated based on the total sum of correct produced  words35–37, other 
variables can also be employed to gain deeper insights into cognitive performance.

Recent studies have demonstrated the potential of advanced parameters taken from the VF task, i.e. error 
 types38,  latencies39 and semantic  distances18 to complement the common analysis of the total sum of words. 
These additional variables, assessed within the sVF task, were shown to reflect the complex involvement of 
executive processes in disorders such as dementia as well as in better differentiation between patients and healthy 
 controls16,40.

To interpret VF performance in more detail, studies have also investigated error types that occurred in the 
course of the VF task such as those based on the breaking of sVF-specific rules (e.g. naming words from a dif-
ferent category, creating neologisms) and category errors. Perseveration and category errors are particularly 
reported in the switching VF task when participants fail to switch to the second category, name words from 
a different category or repeat the same category  twice37. Thus, perseveration and category errors can provide 
qualitative information when measuring VF performance, in addition to the commonly used total sum of words.

Additionally, information of the VF task can also be assessed on a semantic level, analysing semantic related-
ness of produced words. This concept was first investigated by Troyer et al.41 who manually organized produced 
words in the sVF task into conceptually related clusters and switches. Specifically, semantically related words 
were clustered based on specific  subcategories41. For example, animals were clustered based on their living 
environment, human use and zoological categories. According to these clusters, which are usually defined as a 
minimum of a two-word-sequence within the same subcategory, switches were calculated as the total number 
of shifts between these  clusters41. Here, two types of switches were defined: While cluster switches describe a 
transition between multiword and adjacent clusters, hard switches represent transitions between a cluster and 
non-clustered  words42. Later research showed that the ability to create new subcategories and generate new cues is 
more important for performing the sVF task than creating large cluster  sizes43. Moreover, authors highlighted the 
importance of working memory capacity for self-generating category cues in healthy  participants43 and suggested 
the sVF task as a diagnostic tool in cognitive  impairment44,45. Nevertheless, this assessment of semantic infor-
mation from the sVF task was traditionally done manually and thus was highly time-consuming and partially 
subjective due to the manual determination and assignment of  subcategories46,47. However, this problem can be 
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addressed with the help of computational linguistics providing automated computational approaches (e.g. Latent 
semantic  analysis48,  Word2Vec49). Nowadays large text corpora and fine grained information of semantic relat-
edness are available (e.g.  WordNet50,  DISCO51). In general, different conceptual structures are implemented in 
these models. On the one hand, some systems provide the hierarchical structure of a lexical semantic  net52 based 
on semantic concepts (e.g. fishes, birds, mammals)50. In contrast to this hierarchical and ontological approach, 
vector-based systems rely on the co-occurrence of words within a big text corpus. Here, words are represented as 
a point in a multi-dimensional space creating word  embeddings53. Applying these computerized and automated 
systems, studies were able to identify dementia risk in healthy participants based on semantic  relatedness16 and 
to distinguish between patients with forms of disorganization and healthy  controls54.

Alongside the semantic information, the sVF task also provides prosodic information such as speech latencies 
(speech pauses between each word). Latencies convey information about the approximate time needed to access 
lexical  items13,55. Although there is little literature on the relationship between speech latencies in the VF task and 
EF performance, some findings indicate that it might be  meaningful39,43. Specifically, studies suggest that a higher 
incidence of unfilled pauses are more likely to occur in situations in which participants are confronted with a 
higher planning  load56. Other studies also report a relationship between prosodic information and EF demands 
showing a decreased production of words within the progress of the VF  task39. Since a decrease of the number of 
produced words in the VF task also indicates an increase of speech  latencies39 these findings suggest that speech 
latencies could provide additional information on VF performance with respect to the involvement of EFs.

In summary, previous studies indicate the potential of additional quantitative measures for evaluating sVF 
performance to gain better insight into cognitive processes. However, diagnostic batteries used in the clinical 
context as well as in the scientific environment still heavily rely on the sole use of the sum of correct words as the 
main indicator of EF performance. Consequently, the aim of the present study was to investigate the predictive 
power of a comprehensive set of sVF measures and compare it to the commonly used sum score analysis. As a 
first step into deeper insights of the predictive power of the VF task, we focus on the semantic VF task which 
allowed us to exploit the vast information within the semantic relatedness features. In this exploratory study, 
machine learning methods were applied to predict performances of well validated but highly time-consuming 
EF tests from a broad set of objective and mainly computerized VF measurements in unseen participants. We 
expected the extended sVF feature set to outperform the basic analysis of sum scores in predicting EF test results.

Methods
Participants. In this study, 230 healthy participants with an age range of 20–55 years (mean age 35.2 ± 11.1; 
92 males) were tested. Before the actual testing session, participants were asked for previously detected diag-
noses. Only participants without neurological or psychiatric diagnoses were included in this study. Moreover, 
participants were monolingual German speakers, i.e. their native language was German and they did not learn 
an additional language before going to school. Participants received different levels of education (finished mid-
dle school: 8, professional school/job training: 63, finished high school with a university-entrance diploma: 69, 
university degree: 90). The recruitment took place in North Rhine-Westphalia (Germany) via social networks 
and the Forschungszentrum Jülich mailing list. Participants were tested at the Forschungszentrum Jülich, and 
the testing session included an EF test battery together with VF tasks, with a duration of 150–180 min depend-
ing on the individual time needed for instructions and the speed with which the participants passed the tests. A 
remuneration fee of €50 was paid. All experiments were performed in accordance with relevant guidelines and 
regulations. Moreover, informed consent was obtained from all participants. Collection and analyses of the data 
presented here was approved by the ethics committee at Heinrich-Heine University Düsseldorf.

Executive function assessment. The EF test battery consisted of 14 computerized versions of commonly 
used neuropsychological tests covering domains of cognitive flexibility, working memory and inhibition. While 
11 of these tests were taken from the Vienna Testsystem10, three were designed with PsyToolkit57. The Vienna 
Testsystem10 is a standardized computerized test battery providing numerous EF tests and test manuals. Every 
EF test provided multiple variables which were extracted automatically by the respective test system. While 
some of these variables represent main variables, others solely include processing time information which are 
not directly linked to the EF performance. EF tests which were designed within PsyToolkit57 do not come with 
associated test manuals and the selection of variables of these tests was thus based on previous  literature58–60.

Cognitive flexibility was assessed using five tests, namely, the Trail Making Test61 (TMT), Raven´s Standard 
Progressive Matrices62 (SPM), Wisconsin Card Sorting Test63 (WCST), Tower of London (TOL)64 and Cued-Task 
Switching65 (SWITCH).

Working memory performance was examined using three tests: N-back non-verbal Test66 (NBN), Non-verbal 
Learning Test67 (NVLT) and Corsi Block Tapping Test68 (CORSI).

Inhibition was tested using Stop-Signal Task69 (STOP), Simon Task70 (SIMON) and Stroop Test71 (STROOP).
Additionally, we also assessed divided and spatial attention (WAF-G72, WAF-R72) as well as vigilance (Mack-

worth Clocktest60 (CLOCK)). In total, 68 variables were extracted from EF tests. The full set of EF test variables 
is provided in the supplementary material (Table S1).

Semantic verbal fluency tasks. The sVF tasks were based on the Regensburger Wortflüssigkeitstest37 
(RWT) which is equivalent to the English Controlled Oral Word Association Test73 (COWAT). The German 
standardized neuropsychological version of the VF task was used due to language-specific differences in the fre-
quency and usage of letters and  categories36. Two of the tasks were simple sVF tasks in which the participant had 
to name animals  (t1) and jobs  (t2). The third sVF task  (t3) was a switching task in which the participant switched 
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between fruits and sports within the same task. Each of the three tasks was performed for 2 min. The sVF tasks 
were presented with Presentation  software74 and the participant´s responses were recorded automatically.

Following the testing session, the recorded speech was transcribed and words were coded manually as being 
either correct answers or errors. Furthermore, errors were differentiated into perseveration and category errors. 
Sum scores of each sVF tasks separately, sum score of correct produced words across all sVF and errors (per-
severation, category errors) were included in the prediction analysis. In general, the sum scores solely include 
correct produced items in all three sVF tasks. A list of extracted sVF features is shown in Table 1.

Speech latencies were automatically detected and manually corrected using PRAAT 75, and the mean of the 
speech latencies within each task was calculated. Moreover, the task was divided into four 30-seconds intervals 
 (i1,  i2,  i3,  i4) and the mean of the speech latencies within each interval was determined. Additionally, these means 
of intervals were then used to determine an increase or decrease of speech latencies within each task  (i4-i1). 
Latency means of each task and of each interval as well as latency differences were defined as sVF features for 
prediction analysis.

Semantic distances were computed using two different approaches to ensure that the results of prediction 
analysis are not dependent on a specific semantic system. One of the semantic systems was a hierarchical struc-
tured lexical-semantic net of GermaNet52 and GermaNet-Pathfinder76. Specifically, this lexical network is par-
titioned into various sets of semantic concepts (synsets) that are intertwined by semantic relations and create 
nodes. These synsets are related conceptually in different ways including, hypernymy, part-whole relations, 
entailment and  causation52, leading to hierarchical-structured subcategories. GermaNet-Pathfinder76 provides 
different  measurements77 for the determination of how closely two nouns are related to each other. In this study, 
we selected a path-based measure which describes the relatedness between concepts. In detail, the path-based 
system takes the distance between two synset nodes and the longest possible shortest path between any two 
nodes in GermaNet into account.

length(s1,s2) = shortest path between synset s1 and synset s2.
MAXSHORTESTPATH = maximum of all shortest paths within GermaNet.
Applying this formula, semantic relatedness is represented by values between 0 and 1. While closely related 

words lead to values approximating 1 (German Shepard x Labrador → sim = 0.94), more distanced word pairs 
lead to smaller values (e.g. German Shepard x dolphin → sim = 0.77).

The other semantic system that was used to determine semantic similarity between words was DISCO78 apply-
ing a  Word2Vec49 approach. This system is based on co-occurrences in large text corpora. Specifically, this corpus 
contains 1.5 billion tokens including German Wikipedia entries, newspaper articles, parliamentary debates, 
movie subtitles and more. Each unique word is represented by a word vector and is part of the vector space. 

sim(s1, s2) =

MAXSHORTESTPATH − length(s1, s2)

MAXSHORTESTPATH

Table 1.  Overview of Verbal fluency features.

VF features Description

Correct words t1 + t2 + t3 Sum of all correct produced words in task1, task2, task3

Correct words Sum of correct produced words in each task

Switch coefficient Relationship of correct items in simple and switching tasks; switching coefficient = sum3/((sum1 + sum2)/2))

Repetition error Repetition errors in task 1, task 2

Category error Category errors in task 3

Latency mean Mean of speech breaks in each task

Latencies 1st quarter Mean of speech breaks in seconds 0–30 (i1) for each task

Latencies 2nd quarter Mean of speech breaks in seconds 31–60 (i2) for each task

Latencies 3rd quarter Mean of speech breaks in seconds 61–90 (i3) for each task

Latencies 4th quarter Mean of speech breaks in seconds 91–120 (i4) for each task

Latency difference Progress of speech breaks (i4-i1) in each task

Sequential mean Semantic mean of all sequential word pairs in each task; computed with GermaNet (hierachical)

Cumulative mean Semantic mean of all possible word pairs (cumulative) in each task; computed with GermaNet (hierarchical)

Sequential mean cat1 t3
Semantic mean of all sequential word pairs (sequential) in catergory 1 (sports) of switching task; computed 
with GermaNet (hierarchical)

Sequential mean cat2 t3
Semantic mean of all sequential word pairs (sequential) in catergory 2 (fruits) of switching task; computed 
with GermaNet (hierarchical)

Sequential mean DIS Semantic mean of all sequential word pairs in each task; computed with DISCO (Word2Vec)

Cumulative mean DIS Cumulative mean of all possible word pairs in each task; computed with DISCO (Word2Vec)

Sequential mean cat1 t3 DIS
Semantic mean of all sequential word pairs in category 1 (sports) of switching task; computed with DISCO 
(Word2Vec)

Sequential mean cat2 t3 DIS
Semantic mean of all sequential word pairs in category 2 (fruits) of switching task; computed with DISCO 
(Word2Vec)
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Within this vector space, word vectors are located based on shared common contexts building word embeddings. 
As in GermaNet52, a high semantic similarity is represented by numbers approximating 1.

Each sVF task of the participants was analysed automatically using GermaNet Pathfinder76 and DISCO API78. 
For our feature-set which was later used for the prediction analysis, two different types of semantic relations 
were extracted: (1) Sequential distance was computed across each consecutive word pair in order of the pro-
duced words. (2) Cumulative distance was computed over the entire task regardless of the order in which they 
appear within the task. As an output, the relatedness between each word-pair was extracted and the mean of all 
semantic relations within one task was calculated. In the case that GermaNet contained more than one synset for 
one word, the synset with closest relatedness to the paired word was selected. Moreover, missing lexical entries 
in GermaNet or DISCO led to a deletion of the corresponding word pair. All semantic information, including 
means of sequential and cumulative distances of both systems (GermaNet and DISCO) were added as features 
to prediction analysis.

Altogether, 43 features were extracted from the sVF tasks containing information of sum of correct words, 
error types, speech latencies and semantic distances calculated with two different systems. A complete overview 
of VF feature scores is provided in the supplementary material (Table S2).

Machine learning analysis. In this study, we applied a machine approach using a cross-validation proce-
dure. Here, just parts of the data are used to train the model while the other part is used to validate the model; 
i.e. EF scores were predicted in unseen participants which allows for generalization of results to a certain degree.

EF performance was predicted from sVF variables (features) applying supervised learning via random 
 forests79,80 (RF). The sVF features were used to predict each of the 68 EF scores (targets) in separate and inde-
pendent analyses. Generally speaking, RF creates a “forest” of decision trees as weak learners by randomly 
sampling the features before learning each decision tree. The trees are used as an ensemble and the prediction 
of individual trees is averaged to get the final  prediction81. In the present study 100 trees were used to compute 
prediction analysis.

Previous work indicates that performance in the VF task is negatively related to  age82,83. Moreover, sex was 
found to be associated with differential solving strategies in the VF  task84. Likewise, a higher level of education 
was associated with better performance in VF  tasks82,85. Therefore, data was transformed to z-scores and sex, 
age and education were regressed out from the sVF features within cross-validation. A tenfold cross-validation 
procedure was performed for which the data set was randomly split into 10 sets, 9 of which were used for training 
while the 10th set was held back and used to assess the prediction performance in previously unseen data. Ten 
repetitions of the tenfold cross-validation were performed and thus 100 prediction models for each EF target 
were computed. Prediction performance was assessed by computing the mean correlation (Pearson) between 
real and predicted values within cross-validation folds and subsequently across all repetitions. EF targets which 
were predicted from sVF features at a significance level of p < 0.01 were considered highly predictable EF targets.

To compare the predictive power of the comprehensive and the classical feature set, the prediction analysis 
was computed for classical sVF features, solely containing information from sum scores of sVF tasks.

The sVF features which contributed most strongly to the prediction analyses of each highly predictable EF 
target were identified. Feature importance was defined by the permutation of out-of-bag predictor observations 
as implemented in Matlab86. The top five sVF features with the highest feature performance were identified to 
further investigate the (non) linear relationship of these sVF features with the respective EF performance. Here, 
rank correlations (Spearman) of sVF features and EF test scores were calculated. Due to the high number of 
extracted EF variables, only one highly significantly predicted EF test variable of each EF test is presented to 
exemplarily demonstrate the complex relationship of sVF features and EF performance. The selection of this 
representative EF variable was based on the test EF manuals and previous literature describing specific main 
variables of each EF test.

Results
Prediction of EF variables from verbal fluency data. To investigate which EF targets were predictable 
from sVF features, we computed two independent prediction analyses. In the first analyses the full set of sVF 
features, including sum scores, errors, latencies and semantic relatedness was used (Fig. 1). The second analysis 
was performed with variables containing only information regarding the number of correctly produced items in 
each sVF task (Fig. 2). Both figures show the EF targets that were significantly predicted from sVF features at a 
significance level of p < 0.01. Detailed results of all prediction analyses are given in the supplementary material 
(Table S3).

In sum, 20 EF targets, pertaining to 8 different EF tests and tapping into all subdomains of EFs, could be 
predicted significantly from the full feature set. With respect to cognitive flexibility, TMT, SPM and WCST were 
predicted from sVF data. The highest correlation between true and predicted values was identified in processing 
times of part A (r = 0.41; p = 3.2e−10) and B (r = 0.33; p = 2.6e−7) of TMT. While these results are primarily related 
to overall processing speed, an explicit relationship between sVF performance and cognitive flexibility was 
found in the “difference between part B-A” of the TMT (r = 0.17 p = 0.007) as well as in the test results of SPM and 
WCST. Here, the number of correct items in the SPM (r = 0.20; p = 0.001) and different error types in the WCST 
revealed the complexity of cognitive requirements and planning ability in conducting the sVF task. With regards 
to tests assessing working memory capacity, two of three EF tests, namely NVLT (r = 0.24; p = 0.0002) and NBN 
(r = 0.16; p = 0.009) were predicted significantly. Beside EF targets referring to cognitive flexibility and working 
memory, the analysis also identified inhibition targets. Particularly, naming interference (r = 0.24; p = 0.0002) and 
processing time in STROOP (r = 0.23; p = 0.0003) were predicted.
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Across all subdomains of EFs, variables displaying general processing speed and reaction times performance 
were detected. The role of attention and general processing speed is also represented in test results referring to 
divided and spatial attention. Here, seven targets of attention tests were predicted significantly. In general, tests 
from all EF subdomains were predicted significantly and no dominance of one specific subdomain was apparent.

The focus of this study was the predictive power of an advanced VF feature set. To compare the predictive 
power of the advanced features with the commonly used VF information, i.e. the sum of correctly produced 
words, an additional prediction analysis was computed using solely sum scores. Here, the sum scores of each 
sVF tasks as well as a total sum score across all three tests were included. In this analysis only six EF targets 
were predicted significantly (Fig. 2). Prediction performance was lower than in the analysis with full feature set 
and particularly targets of processing speed and reactions times were detected. In contrast to the first analysis, 
vigilance was predicted with missed items in CLOCK (r = 0.16; p = 0.009).

0.0 0.1 0.2 0.3 0.4

TMT Process time part A

TMT Process time part B

WAF-G Reaction time (crossmodal)

STROOP Naming interference

NVLT Sum of difference between correct-false

STROOP Process time

WAF-G Reaction time (unimodal visual)

WCST Errors

WAF-R Reaction time (correct announced items)

WAF-G Number missed items (crossmodal)

WCST Non-perseveration errors

WAF-G Number of false alaram (crossmodal)

SPM Correct items

WAF-R Reaction time (short SOA)

SPM Process time

WAF-R Reaction time (long SOA)

NVLT Sum of false responses

TMT Difference part B-A

NBN Number of errors

NVLT Sum of correct responses

Correlation coefficient r

Legend

Inhibition

Attention / vigilance

Working memory

Cognitive flexibility

Figure 1.  Correlation coefficients of true and predicted executive function variables computed with full feature 
set. Executive function variables were predicted based on 43 verbal fluency features. Results shown in this table 
illustrate executive function variables which could be predicted at p < 0.01 from verbal fluency data; Colour 
groups indicate EF domains and colour gradients denote different EF tests within this EF domain; NBN N-back 
non-verbal; NVLT Non-verbal learning test; SOA Stimulus onset asynchrony; SPM Raven’s standard progressive 
matrices; STROOP Stroop test; TMT Trail making test; WCST Wisconsin Card Sorting Test; WAF-G Divided 
attention; WAF-R Spatial attention.

0.0 0.1 0.2 0.3 0.4

STROOP Process time

NVLT Sum of difference between correct-false

WAF-R Mean reaction time (unannounced items)

SPM Process time

WAF-G Number of false alaram (crossmodal)

CLOCK missed items

Correlation coefficient r

Legend

Inhibition

Attention / vigilance

Working memory

Cognitive flexibility

Figure 2.  Correlation coefficients of true and predicted executive function variables computed with classical 
feature set. Executive function variables were predicted based on the sum scores of all 3 semantic verbal fluency 
tests as well as the total sum score across these 3 tests, which led to a total number of four verbal fluency 
features. Results shown in this table illustrate executive function variables which could be predicted with p < 0.01 
from verbal fluency data; Colour groups indicate EF domains and gradients denote different EF tests within this 
EF domain; MACK Mackworth Clock Test; NVLT non-verbal learning test; SPM Raven’s Standard Progressive 
Matrices; STROOP Stroop Test; WAF-G Divided attention; WAF-R Spatial attention.
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Impact of sVF features on prediction analysis. The impact of single sVF features on EF performance 
was quantified based on the feature importance scores of the prediction analysis. Due to the high number of 
significantly predicted EF targets, only one EF target for each of the significantly predicted EF tests is discussed 
in detail here. We focus on the main variables for the respective EF tests based on previous literature and the EF 
test manuals. For each of these, the five most important sVF features were extracted and correlations with the 
respective EF target were calculated (Tables 2, 3, 4, 5) to enable a comparison of present results with commonly 
used univariate analyses.

Across all EF domains, the most important sVF features for the prediction results included information about 
number of correctly produced words, error types, latencies and semantic distances. Out of these most predic-
tive sVF features, some showed a significant correlation with the EF target (p < 0.05), while others displayed a 
trend level significance (p < 0.1) or no significant correlation at all. In the following, we assessed the top five sVF 
features that are related to the different EF subdomains of cognitive flexibility, working memory, inhibition as 
well as to attention. Due to the high number of EF scores that were predicted significantly from sVF features, one 

Table 2.  Spearman correlations of five most important semantic verbal fluency (sVF) features with 
significantly predictable cognitive flexibility targets. 1–5 = Top five sVF features with regards to predictor 
performance based on feature importance; correlations with p < 0.1 are marked in bold; significant correlations 
(p < 0.05) are marked with *. SPM Raven’s Standard Progressive Matrices; TMT Trail-Making Test; WCST 
Wisconsin Card Sorting Test. t1 = VF test (animals);  t2 = VF test (jobs);  t3 = Switching VF test (sports/fruits); 
Cum cumulative.

SPM—correct items TMT—difference part B-A WCST—non-perseveration errors

Top 5 sVF features r p Top 5 sVF features r p Top 5 sVF features r p

1 Repetition error  t1 − 0.05 0.44 1 Latencies 4th quarter  t1 − 0.01 0.88 1 Repetition error  t3 − 0.10 0.12

2 Latencies 2nd quarter  t1 − 0.09 0.18 2 Repetition error t3 − 0.12 0.08 2 Latencies 1st quarter t1 0.17 0.01*

3 Category error  t3 − 0.01 0.87 3 Latency difference  t1 − 0.02 0.80 3 Category error  t3 0.01 0.85

4 Correct words t1 − 0.12 0.08 4 Category error  t3 − 0.07 0.27 4 Correct words t2 − 0.16 0.02*

5 Cum. mean t3 0.14 0.05* 5 Repetition error  t1 − 0.01 0.80 5 Total sum score t1 + t2 + t3 − 0.16 0.02*

Table 3.  Spearman correlations of five most important semantic verbal fluency (sVF) features with 
significantly predictable working memory targets. 1–5 = Top five VF features with regards to predictor 
performance based on feature importance; correlations with p < 0.1 are marked in bold; significant correlations 
(p < 0.05) are marked with *. NBN N-back non-verbal; NVLT non-verbal learning test. t1 = VF test (animals); 
 t2 = VF test (jobs);  t3 = Switching VF test (sports/fruits); Cum cumulative; Sequ sequential; DIS semantic system 
DISCO.

NBN—errors NVLT—difference correct minus errors

Top 5 sVF features r p Top 5 sVF features r P

1 Repetition error  t3 − 0.01 0.91 1 Latencies 4th quarter t1 − 0.12 0.08

2 Sequ. mean t1 − 0.19 0.00* 2 Category error  t3 − 0.03 0.63

3 Category error  t3 − 0.01 0.92 3 Latency difference t1 − 0.12 0.08

4 Repetition error  t1 0.11 0.11 4 Correct words  t1 0.07 0.28

5 Cum. mean DIS t3 − 0.12 0.07 5 Latency mean  t2 0.03 0.69

Table 4.  Spearman correlations of five most important semantic verbal fluency (sVF) features with 
significantly predictable inhibition target. 1–5 = Top five VF features with regards to predictor performance 
based on feature importance; correlations with p < 0.1 are marked in bold; significant correlations (p < 0.05) are 
marked with *. t1 = VF test (animals);  t2 = VF test (jobs);  t3 = Switching VF test (sports/fruits); Cum cumulative; 
Sequ sequential; DIS semantic system DISCO.

STROOP—naming interference

Top 5 sVF features r p

1 Cum. mean t2 − 0.18 0.01*

2 Latency difference  t1 0.03 0.62

3 Latencies 4th quarter  t1 0.05 0.48

4 Sequ. mean DIS cat1 t3 − 0.15 0.03*

5 Total sum score t1 + t2 + t3 − 0.22 0.00*
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EF variable of each significantly predicted test is presented here. A complete overview of the correlation matrix 
of all sVF features and significantly predicted EF scores is given in the supplementary material (Tables S4–S6).

With regards to cognitive flexibility (Table 2) 7/15 sVF features were related to errors participants produced 
within the sVF task. Repetition errors in simple and switching sVF tasks as well as category errors in the switch-
ing task were found to be important sVF features for predicting EF targets. Particularly, repetition and category 
errors were determined as highly relevant in predicting TMT performance. However, no significant (linear) 
correlation between errors and cognitive flexibility performance was found. In contrast, a linear relationship of 
sVF information and EF performance was shown for the number of correctly produced words. Here, significant 
correlations of correctly produced words and cognitive flexibility targets were primarily found in the WCST. 
Similar but not significant results were also found in the SPM. In all three significantly predicted EF tests (SPM, 
TMT, WCST) latencies within the sVF  task1 (animals) were identified as important sVF features but did not reveal 
correlations with EF targets except for latency patterns assessed in  i1. Here, longer speech breaks were shown to 
positively correlate with errors in WCST. With regards to semantic relatedness the cumulative mean within the 
sVF switching task  (t3), calculated with the hierarchical structured approach of GermaNet, was identified as a 
meaningful feature predicting SPM performance. Specifically, participants naming closely related words across 
both switching categories (sports and fruits) achieved better SPM targets.

Within the EF domain of working memory, the NBN and NVLT were identified as highly predictable EF tests 
(Table 3). Here, the sum of correctly produced words was selected as an important sVF feature less often than for 
cognitive flexibility tests and no significant correlation with EF target was found. Non-linear relationships of sVF 
features and working memory performance was additionally found for sVF features errors which were mainly 
important for predicting NBN performance. Among the five most important sVF features predicting NBN per-
formance, the sequential as well as cumulative mean of the semantic relatedness were found to be highly relevant. 
Similar to results in cognitive flexibility tests (Table 1), a smaller search space (r = − 0.12 p = 0.07) and closely 
related words (r = − 0.19 p = 0.005) led to better results in NBN. While semantic relatedness was particularly 
important for predicting errors in NBN, latencies were relevant for NVLT performance. Here, results indicated 
a relationship between smaller speech breaks in end of the sVF task and higher NVLT target (r = − 0.12 p = 0.08).

With respect to inhibition, naming interference in the Stroop test was predicted significantly. While error types 
were not selected as most important sVF features, the total sum score across all three sVF tests was determined 
as meaningful and revealed a significant correlation with Stroop performance (r = − 0.22 p < 0.001) (Table 4). 
Important features for predicting naming interference performance were semantic relatedness and latencies. 
In particular, the searching space in  t2 represented by the cumulative mean was identified as highly important. 
These results indicate a better inhibition performance if participants searched for less distanced words (r = − 0.18 
p = 0.01). Similar results were also found in sVF features of sequential relatedness. Searching for closely related 
words in the first category within the switching sVF task  (cat1  t3) was related to better inhibitory performance 
(r = − 0.15 p = 0.03). Beside sematic relatedness and total sVF sum score, the analysis also points toward the 
relevance of latency patterns within the first sVF task (animals) for predicting inhibitory processes.

Finally, we investigated sVF features in the prediction of attentional performance (Table 5). Here, the results 
demonstrate a predictive importance of repetition errors in simple as well as in switching sVF tasks. The results 
revealed no significant correlation between number of errors and attention performance. Latencies within the 
first quarter of the switching sVF task  (t3) were selected as relevant for attention performance, indicating that a 
higher processing speed in the beginning of the sVF task resulted in faster reaction times in the divided attention 
test. Similar to previously reported results in other EF subdomains, semantic relatedness features in simple sVF 
task (animals) were selected as meaningful variables for attention performance.

To sum up, across all subdomains of EFs, a variety of different types of sVF features, including sum scores, 
error types, sematic relatedness and latencies showed high relevance for the prediction of EF performance. Out 
of these, about one third showed significant or trend level correlation with EF targets, while the remaining VF 
features that were identified as important for prediction accuracy, did not show any linear relationship with the 
respective EF target.

Table 5.  Spearman correlations of five most important semantic verbal fluency (sVF) features with 
significantly predictable attention targets. 1–5 = Top five VF features with regards to predictor performance 
based on feature importance; correlations with p < 0.1 are marked in bold; significant correlations (p < 0.05) are 
marked with *. WAF-G divided attention test; WAF-R spatial attention test. t1 = VF test (animals);  t2 = VF test 
(jobs);  t3 = Switching VF test (sports/fruits); Cum cumulative; Sequ sequential; DIS semantic system DISCO.

WAF-G reaction time crossmodal WAF-R—reaction time correctly announced

Top 5 sVF features r P Top 5 sVF features r p

1 Repetition error  t3 − 0.09 0.17 1 Repetition error  t2 − 0.01 0.93

2 Repetition error  t2 − 0.03 0.70 2 Repetition error  t1 − 0.09 0.17

3 Latencies 1st quarter t3 0.13 0.06 3 Sequ. mean DIS  t1 0.04 0.61

4 Repetition error  t1 − 0.05 0.45 4 Cum. mean DIS  t1 0.07 0.29

5 Cum. Mean  t1 − 0.03 0.59 5 Repetition error  t3 0.01 0.88
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Discussion
Main findings. This study aimed to investigate whether EF performance can be predicted from sVF tasks 
using Machine Learning methods. In a first step, we applied a RF approach to determine which EF tests could 
successfully be predicted from a wide range of VF information. Results of this machine learning analysis identi-
fied EF tests tapping into all subdomains of EFs. In total, 20 of 44 EF scores were predicted significantly when 
using the full set of sVF features which included errors, latencies and semantic distances.

Moreover, prediction results of the full sVF features set was compared to a classical feature set including 
only sum scores of sVF tasks, as commonly used in clinical settings. The comparison of these two approaches 
revealed a larger number of significantly predicted EF scores as well as higher prediction accuracy of the advanced 
feature set. Particularly for cognitive flexibility performance, the comprehensive feature set achieved a higher 
prediction accuracy as compared to the commonly used sum score evaluation. Thus, the present results clearly 
demonstrate the advantage of using more comprehensive sVF features over the sole use of sum scores, which to 
date still tend to be the most common measure used to asses sVF tasks. In a second step, we further investigated 
the concrete involvement of different types of sVF features to gain insights into the impact of specific VF aspects 
on EF performance. Results showed that all types of sVF features, i.e. sum scores, errors, latencies and semantic 
relatedness contributed to the prediction of EF. With regards to the different EF subdomains no dominance of 
specific VF types was detected. Moreover, the correlation analyses revealed that good sVF predictors do not 
necessarily correlate with the respective EF score.

The following section starts with a discussion of the influence of different sVF features on prediction results. 
Here, predictable EF tests within each subdomain are presented and the contributions of sVF features are inter-
preted. Additionally, the role of general processing speed is addressed. Secondly, advantages of an elaborated VF 
feature set are delineated. In the end, limitations of this study are considered.

Sum scores. Summarizing scores of correctly produced items is the most commonly used way of evaluating 
VF tasks in the clinical and scientific context to date. The present study included separate sum scores for each 
sVF test as well as a total one across all sVF tasks. Results revealed the importance of sum score features for the 
prediction of cognitive flexibility, working memory and inhibition performance. In contrast, sum scores were 
not identified as important for predicting attention scores. Particularly sum scores resulting from  t1 (animals) as 
well as total sum scores revealed high feature importance. Furthermore, a positive linear relationship of relevant 
sVF sum scores and EF performance in the domains of inhibition and cognitive flexibility was found.

The findings from the present study can be directly linked to previous studies. In particular, Paula et al.87 
reported a positive correlation between cognitive flexibility performance, assessed with the TMT, and the sum of 
correct produced words in the switching task. With regards to working memory, another study found an associa-
tion between the sum of correct produced items and working memory  performance43. With respect to inhibition, 
our findings are also in line with multiple studies that demonstrated the positive linear relationship of inhibition 
performance and the total sum of words, assessed within the VF task, both in  older22 and  young88 adults.

Overall, based on previous literature and the results of the current study, sum scores were shown to contribute 
to the prediction results. In accordance with previous findings, this contribution appears to be based on a positive 
linear relationship of sum scores with EF performance.

Error types. When predicting EF test scores from sVF features, repetition and category errors were identi-
fied to mainly contribute to the prediction of cognitive flexibility, working memory and attention test result. 
Conversely, errors were not identified as important features for the prediction of inhibition scores. While both 
repetition and category errors were shown to be equally important for the prediction of cognitive flexibility 
and working memory, only repetition errors contributed to predicting attention performance. Importantly, in 
contrast to sum scores, most error features did not show a linear relationship with the respective EF test per-
formance. The prediction results of TMT were the only ones to reveal a correlation trend, indicating that fewer 
repetition errors in sVF tasks are associated with better cognitive flexibility performance.

These findings partially contradict previous findings investigating the linear relationship between errors in 
the VF task and EF performance. Particularly, previous studies suggested that executive inhibitory dysfunc-
tion and reduced working memory performance lead to a higher number of perseveration errors in healthy 
 participants20,89. Similar findings have also been reported in patients with brain  damages90 and  schizophrenia38. 
In contrast, some studies did not find an increase in the number of perseveration errors in Parkinson´s patients 
compared to healthy  controls91.

Although in the present study repetition and category errors were shown to be important for the success-
ful prediction of EF performance in all EF domains except for inhibitory processes, results revealed that a low 
number of produced errors does not necessarily result in better EF performance. Due to the importance of errors 
in prediction results and the non-linear relationship with EF performance, we assume that some participants 
adopt strategies where a higher number of errors is accepted in order to achieve a better score in the sVF task. 
Thus, successful EF performance does not necessarily go along with fewer errors.

Latencies. With regards to latency patterns our results revealed the importance of speech breaks for the 
prediction of all domains of EF as well as for attention scores. Latency patterns contributed differently to the 
prediction of different EF scores. Latency patterns during the first interval of the sVF task  (i1) were revealed as 
a meaningful feature for inhibitory processes, cognitive flexibility and attention performance. However, addi-
tional latency patterns, such as the mean of all latencies within each task and the progress of latencies (namely 
latency differences) also contributed to the prediction results. Interestingly, our results indicate an ambiguous 
relationship between latency patterns and EF test results. On the one hand, correlation analyses revealed some 
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significant correlations between latency patterns and EF scores with, for example, longer speech breaks in  i1 were 
related to a higher amount of errors in the WCST assessing cognitive flexibility performance. On the other hand, 
most of the latency features did not show a linear relationship with EF performance.

To our knowledge, the relationship between speech breaks and EF performance in the context of VF has 
rarely been reported in previous literature, with existing studies tending to rather focus on unfilled pauses in 
free  speech56. However, previous findings support our results with respect to the importance of speech breaks 
within the first interval of the VF task in that previous studies found a relationship between longer latencies in the 
beginning of the VF task and cognitive flexibility  performance39. Moreover, other studies suggest that a decrease 
of speech latencies over the course of the VF task is related to the cluster patterns of the participants. While 
participants are assumed to produce clusters with high-frequent words in the beginning of the task, less frequent 
words are produced during the progression of the task leading to more switches and increased searching  times92.

In general, previous studies support the positive relationship between the duration of speech breaks and 
higher cognitive  demands56. However, our results revealed mostly non-linear relationships between latencies 
and significantly predicted EF scores. This might suggest that shorter speech breaks per se do not go along with 
better EF performance. Rather, we assume that the heterogeneity of searching strategies, including processes 
such as clustering and switching, lead to ambiguous latency patterns.

Semantic relatedness. Investigating the role of semantic relatedness between produced words within the 
sVF task, two different semantic analysis systems were applied. On the one hand, a hierarchical approach was 
used (GermaNet)52. On the other hand, an approach based on word embeddings was applied (DISCO)51. The 
main goal of including both approaches was to assess as much diverse semantic information as possible. Our 
results revealed that semantic relatedness measures from both semantic systems contribute essentially to the 
prediction of all EF domains as well as to attention performance. Although not all semantic features revealed a 
linear relationship with EF performance, results indicate that searching for closely related words might be related 
to stronger EF test results.

These findings are partially in line with previous studies which apply earlier approaches of cluster and switch-
ing quantification to investigate the importance of switches in the sVF  task87. Authors have found a positive 
relationship between fewer switches and better cognitive flexibility performance in healthy  participants87. In 
contrast, other studies reported a decreased number of switches in depressive patients with reduced cognitive 
 flexibility93. Although the present study did not differentiate between the two types of  switches42, the semantic 
systems applied in this  study51,52 provided additional semantic distances which are similarly interpretable. In 
detail, these semantic measurements also quantify semantic distances of sequential and cumulative word pairs. 
Thus, a higher semantic mean in the present study can be equated to a higher cluster size and less hard switches. 
However, the present study did not aim to investigate such a fine-grained semantic approach as Troyer´s41 
approach but rather strived to investigate the general importance of semantic distances within the sVF task.

In general, we assume that the production of semantically distanced words puts higher demands on cognitive 
processes. However, for the sVF task, participants are asked to simply produce as many words as possible, with 
no demands on the number of different subcategories these words come from. Thus, producing closely related 
words and building high cluster sizes might represent the most efficient strategy of successful EF performers.

Superiority of advanced sVF feature set. While the full feature set of sum scores, errors, latencies and 
semantic relatedness was applied for the main analysis, we also predicted EF scores using sum score features 
only. Using the sophisticated feature set, test variables from all EF domains as well as attention performance and 
8/14 EF tests were successfully predicted. While many of the predictable EF scores contained general informa-
tion of processing speed and reaction times, results also comprised EF scores which are considered as character-
istic variables for specific EF tests. For example, TMT is represented by the difference between part A-B94, Stroop 
by naming interference71, SPM by correct items62 and WCST by non-perseveration errors58, all of which were 
found to be predictable EF scores.

In contrast, analysis with a classical sVF feature solely containing information of the sum scores, predicted 
only 6/14 EF tests most of which were related to general processing speed rather than to specific EF functions. 
Only one EF score of NVLT contained characteristic information of working memory performance. EF scores 
representing cognitive flexibility and inhibitory performance did not include information which are directly 
linked to EF performance but rather related to general speed.

To our knowledge, so far, no other study has attempted combining different types of sVF measurements to 
predict EF scores. However, previous research has demonstrated the advantages of advanced approaches evaluat-
ing additional information over the sole use of the total number of correctly produced words. For example, it was 
shown that the switching sVF task, which was also used in the present study  (t3), contained more information 
of cognitive flexibility than simple VF  tasks87. Our findings are also in line with another study investigating the 
digitalized evaluation of semantic relatedness with  WordNet50. In particular, semantic relatedness was found 
to be highly associated with EFs and serve as an indicator for mild cognitive impairments which are difficult to 
detect with sum  scores95.

The comparison of prediction analysis with and without an extended set of sVF features mainly indicated 
that sum scores alone capture mostly working memory performance and attention scores. On the other hand, an 
advanced sVF feature set including sum scores, errors, latencies and sematic relatedness allows for the prediction 
of cognitive flexibility, working memory and inhibition performances as well as attention scores.

Investigating the relationship between the most important sVF features and EF performance in more detail, 
multiple non-linear relationships were detected. These findings highlight the advantages of machine learning 
approaches which are able to detect complex, non-linear relationships in addition to straightforward linear ones. 
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Also, these approaches can take into account multivariate interactions between different VF features to reveal 
patterns which could not have been identified based on each single feature alone.

In general, our findings indicate that the use of a comprehensive set of VF features might have the potential 
to replace time-consuming and artificial EF tests. Due to the use of abstract symbols like numbers and letters, 
commonly used neuropsychological tests are criticized for their lacking ecological  validity11. In contrast, produc-
ing words which are related to a specific category better represents daily needs and requirements of participants. 
Moreover, the lack of ecological validity might have influenced the correlations of the abstract EF test scores 
and the more natural sVF features. However, it remains open whether comprehensive sVF features may be even 
more helpful in clinical practice than commonly used EF test batteries.

Role of processing speed. In both analyses, variables which are not directly linked to EF performance but 
rather represent overall processing speed or reaction times, were predicted significantly. Similar findings were 
reported in our previous study predicting VF sum scores from EF tests  variables96. The relationship of process-
ing speed and sVF performance is also reported in other  studies83,97. These authors suggest that processing time 
reflects general cognitive abilities such as intelligence to some  extent98 but may also be related to  age99 or per-
sonality traits such as  extraversion100. Additionally, the presence of a time indication within some EF tests might 
facilitate processing speed similarly as in sVF tasks.

Limitations. Our results yielded insights into the involvement of EFs in the sVF task and highlighted the 
informative value of the sVF task to predict EF performance using a comprehensive feature set. Moreover, our 
results revealed complex and mostly non-linear relationships of VF features and EF performance. Hence, a 
detailed examination of individual differences in searching strategies might improve our understanding of which 
sVF patterns are related to higher EF performance in certain domains. As with all analyses of individual differ-
ences such research is dependent on large data sets comprising detailed information on EF and VF performance.

An additional consideration relates to the generalizability of our results. Ideally, our findings should be 
validated in a fully independent data set. To date, such a data set of sufficient size is not yet available. Hence, 
we applied a cross-validation approach within our sample. Here, the model was trained on some parts of the 
data while other parts of the data were held back. The model was then validated in the previously held back 
participants. This within-dataset validation represents the best alternative when a fully independently acquired 
dataset is not yet available.

Summary and outlook. Our study revealed insights into the advantages of an elaborated analysis of sVF 
tasks which successfully predicts EF performance. In comparison to the commonly used approach of evaluat-
ing sum scores of correctly produced words, we detected a lucid advantage of an extended feature analysis. In 
particular with regards to cognitive flexibility and inhibition our study demonstrated that an evaluation of sVF 
sum scores does not capture actual EF performance but rather assesses overall processing speed. Thus, we sug-
gest the utilization of a comprehensive analysis of VF performance including features of error types, latencies 
and semantic distances. The present study applied primarily automated and digitalized methods ensuring a 
time-efficient and objective evaluation of VF performance. Further studies ought to develop a fully automated 
software tool integrating and further developing our feature set. Here, it would be highly interesting to also 
include features from the lexical VF task. A computerized toolbox allowing for an extensive assessment of VF 
could serve as a screening tool for EFs in a clinical diagnostic process as well as in a research context. Such a tool 
could include an audio system that records the speech of the patient and converts it into text. Subsequently, an 
automated software could be used to automatically determine a comprehensive set of VF features including sum 
scores, errors, latencies and semantic distances from the transcribed data. This can in turn result in a digitalized 
and quantified evaluation of the patient´s EFs compared to healthy controls based on VF performance, which 
can be then used by the clinician as part of the diagnostic process. Consequently, this toolbox could allow for 
higher ecological validity while also saving time in clinical routine.

However, we do not suggest that VF assessments will be able to fully substitute an initial extensive assessment 
of EFs with commonly used EF test batteries. We rather propose an extended and fully digitalized VF analysis 
as part of progress diagnostics in the form of a screening to assess EF performance in e.g. Parkinson´s disease or 
ADHD. Additionally, this screening-tool could be used in patients with predispositions of schizophrenia before 
manifestation of clinical symptoms. Here, an advanced sVF analysis could provide insights into subtle changes 
of EF performance. In the future, this work might contribute to an automated digitalized speech analysis sup-
porting clinicians in diagnostic processes.

Altogether, the present study demonstrated the predictive superiority of an extended VF feature evaluation. 
Additionally, the results provided a first step towards an automated analysis of VF serving as a predictor for EFs.
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5 Discussion 

The three studies presented in this thesis showed the potential of the VF task predicting fine-

grained EF performance and provided evidence for the use of the VF task serving as a 

differentiated and time-efficient screening for EFs. Particularly, EF test scores tapping into all 

subdomains i.e., cognitive flexibility, working memory, and inhibition were predicted 

successfully from a comprehensive set of VF features. To enable that, common structures of 

different EF tests and VF tasks were identified to gain first insight into the involvement of EFs 

in the VF task. Results showed the involvement of rather simple aspects of the different EF 

domains and VF performance. Moreover, results of study 2 demonstrated that relationships of 

EFs and VF performance are just partially linear and not fully depictable applying correlation 

analysis. Instead, ML methods are needed to capture the complex relationships of differentiated 

EFs and VF task performance. 

 

 

5.1 The role of the verbal fluency task in executive function test 

batteries  

Although the VF task has been designed to test verbal functionating87, there is consensus that 

the VF task is as well a valid instrument for testing EFs. Thus, many neuropsychological test 

batteries such as the D-KEFS battery include VF tasks. However, literature reports ambiguous 

results of the concrete involvement of different EF subdomains in the VF tasks. It is therefore 

not totally clear whether the VF test results are able to represent the full variety of EF 

performance. To discuss the present results of the three studies in a broader context, links to 

different diseases are provided representing different EF impairments. 

 

 

5.1.1 The relationship of verbal fluency and executive functions 

Simple aspects of EFs in the VF task 

In all studies the involvement of EFs in the VF task was shown. Particularly, the strong 

inclusion of simple aspects of EFs and the role of attention were highlighted. The studies 

differed, however, in their concrete aims and settings. For example, studies 2 and 3 did not 

include abstraction tasks. In the first study, the D-KEFS battery was investigated including 

different EF tests as well as lexical, semantic, and switching VF tasks. Results of study 1 

identified two factors, differentiating 9 different EF tests of the D-KEFS test battery. Results 
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of the ML approach as well as of the traditional dimension reduction demonstrated a 

subdivision of the EF tests in a simple and a more complex factor. The first factor included all 

three VF tasks as well as Colour Word Interference (CWI), design fluency and the TMT. Thus, 

the tests of the first factor mainly represented the subdomains of cognitive flexibility, attention, 

and inhibition. The second, more complex factor included the WCST, Proverbs Test, Word 

Context Test, Twenty Questions Test and Tower of London (TOL). The main cognitive 

requirements involved in the second factor were consequently abstract thinking and problem-

solving abilities.  

The detected affiliation of more simple EF abilities and VF performance is also supported by 

the results of study 2 and study 3. Beside the concrete relationship of specific EF tests and VF 

performance, an additional insight was obtained highlighting the overall role of processing 

speed and attention that impacted especially simple EF abilities. Here, study 3 revealed a high 

number of EF processing and reaction time labels predicted by VF performance, particularly in 

the TMT assessing cognitive flexibility and attention. Interestingly, the TMT, also named 

Number-Letter Switching, was identified in the same factor of simple EFs than in the VF tasks 

in study 1.   

The close link of reaction times, attention and EFs was already investigated in ADHD 

patients88. The study has assessed both the lexical and semantic VF task in children and 

compared results with EF and attention performance. It has found significantly lower scores in 

the ADHD group in the lexical but not in the semantic VF tasks compared to healthy controls88. 

Although inattentiveness plays an essential role in ADHD adults89, it has been seen as difficult 

to define a concrete neuropsychological profile in this patient group90.  

Besides the influence of attention in processing speed and EFs, studies also investigated the 

influence of state-dependent effects. Particularly, the effects of mood91 and reward-related 

manipulations of motivation were identified to essentially influence EF test performance92. 

Due to the strong link between processing/reaction times and simple EF tasks across all our 

three studies, we assume that this aspect of EF, as well as of the VF task, plays a central role in 

the mutual connection of EFs and VF performance. One reason for this close relationship might 

be because both are influenced by the general concentration and motivation of the participant. 

In detail, attentive, motivated, and ambitious participants might try to solve EF and VF tasks as 

quickly as possible. Simple EF tasks with less cognitive complexity might better allow for fast 

reaction times than more complex tasks. Thus, the attention and motivation of the patient should 

be taken into account when evaluating EF and VF tasks.  
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Cognitive flexibility 

While there was a conclusive link between inhibitory EF tests and VF performance, the findings 

concerning cognitive flexibility and VF performance were ambiguous to some degree across 

the three studies. Study 2 demonstrated that the VF sum score could be predicted from cognitive 

flexibility tests. Additionally, study 3 predicted cognitive flexibility performance from VF 

information. In particular, SPM, TMT and WCST scores were predicted successfully, or where 

mainly involved to predict the VF sum score. Interestingly, study 1 assigned most cognitive 

flexibility tests to a different factor than the VF task. The Sorting tests (equivalent to the WCST) 

as well as the Tower tests (equivalent to the TOL) were assigned to the complex EF factor and 

not to the simple factor that included the VF tests. At the same time, the Number-Letter 

Switching task (equivalent to the TMT) was associated to the simple EF factor.  

The strong link between cognitive flexibility and VF performance is well known11. It represents 

just one reason why the VF task in the past was implemented in several EF test batteries, e.g. 

to assess cognitive flexibility in patients with anorexia93 or obsessive-compulsive disorder94. 

However, the conceptual discussion of the involved domains of EFs in the respective EF test 

led to an impeded interpretation of the concrete test results. For example, previous studies 

partially support our findings with regards to the TOL. Some studies suggest that the TOL 

should not be used as a planning task due to the strong involvement of updating processes that 

are primarily linked to working memory performance95,96. Besides the complexity of EF test 

constructs, study results seem to vary depending on the specific semantic VF task. For example, 

a study assessing the TMT as a cognitive flexibility measure to investigate the relationship to 

different semantic VF tasks in healthy adults found diverse results depending on the specific 

VF task59. In the present work, correlations of the TMT score and the semantic VF task animals, 

as well as the semantic VF switching task, were significant. In contrast, the correlation of the 

TMT and the semantic VF task fruits was not significant59. Therefore, our results in this respect 

are in line with the literature. 

The present results provide evidence that VF performance better captures simple cognitive 

flexibility abilities. The level of complexity should be considered when selecting the right EF 

test assessing cognitive flexibility as well as when choosing the specific category assessed in 

the VF task. While studies testing patients with mild EF impairments or healthy controls, high-

frequent categories, such as animals, might not lead to a successful indication of present EF 

deficits. Additionally, we suggest considering the involvement of multiple EF domains within 

the same task and critically reflect the explicit task used to potentially discover further EF 

deficits, such as working memory performance. 
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Inhibition 

In the present three studies, the demand of inhibitory processes in the VF task was shown across 

all three studies. Particularly, the cognitive demands in the Stroop test appear similarly to 

inhibitory demands in the VF task. The concrete involvement of inhibitory processes in the VF 

tasks was compelling in all studies. Study 1 demonstrated that the VF tasks load on the same 

factor as the inhibitory tests, i.e., assessed with the design inhibition task and the CWI. 

Similarly, study 2 results showed that test scores from the Stroop test (which is a synonym for 

the CWI test and assesses inhibitory performance) played an essential role to predict the VF 

sum score. Additionally, study 3 demonstrated the predictive power of a comprehensive set of 

VF features to predict Stroop performance.  

The results of these three studies partially differ from those in previous literature dealing with 

the link between inhibitory processes and VF performance. Investigating healthy participants, 

Escobar et al.97 showed that although bilingual children performed better in VF tasks, inhibitory 

control did not differ from monolingual children. In contrast, another study investigating 

inhibitory control in bilingual adults found significant positive correlation between inhibition 

and VF performance in bilingual but not in monolingual speakers83. The divergent performance 

of inhibitory and VF tasks was also discussed in the context of inhibitory processes. Researchers 

highlighted the different demands of inhibitory processes depending on the specific EF task65. 

In detail, differences of inhibitory control between the stop-signal task, testing response 

inhibition, and the Stroop, assessing selective inhibition, were mentioned. The latter type of 

inhibition is meant to also be involved in inhibitory processes in the VF task. Thus, different 

results might occur depending on the task used in the respective study. 

The present studies highlight the predictive power of the VF task with respect to inhibitory 

performances in healthy participants and indicate the potential of the predictive power of the 

VF task in patients suffering from inhibitory deficits, e.g., in ADHD or schizophrenia. We 

suggest that EF test batteries should include additional inhibition tests beside the Stroop to gain 

broader insights into the patient´s EF performance. 

 

Working memory 

Working memory has been described as a multi-component model including a phonological 

loop that is responsible to maintain and manipulate information over a short time period98. This 

ability is known to play an important role within the VF task to remember and suppress already 

produced words68. 
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With respect to the involvement of working memory performance in the VF task, the three 

present studies are not directly comparable with each other with respect to the relationship of 

working memory and VF performance due to missing explicit working memory tests (e.g., a 

span task) in study 1. Working memory tests used in study 2 did not reveal a strong impact on 

the prediction of the VF sum score. However, study 3 has been designed in such a way that it 

is differentiating VF performance in more detail. As a result, working memory performance 

was predicted successfully from VF features.  

The present results support some findings from previous literature. A recent study applying ML 

methods in patients with Multiple Sclerosis demonstrated the involvement of working memory 

abilities in the VF task99. This study similarly used digit span tasks and the Corsi test to assess 

working memory performance as well as detailed information of the VF task (e.g., errors, 

clusters, switches). Interestingly, this study identified a closer link between working memory 

and the semantic VF task compared to the lexical VF task99. In line with these results, Troyer 

found a closer relationship of working memory and EFs within the semantic VF task compared 

to the lexical VF task. Notably, he also analysed fine-grained information of the VF tasks such 

as number of cluster and switches 100. Discussing the lack of a relationship between VF and 

working memory, the general involvement of working memory in span tasks should be 

considered. Here, previous literature described missing differences in working memory 

performances in young healthy participants when a controlled situation is provided that do not 

include distraction101. 

In general, previous literature as well as study 3 highlighted the importance of working memory 

in VF performance. However, the involvement of working memory in the assessed EF span 

might not completely reflect the involvement of working memory in the VF task. Rather, more 

distracting and interfering EF tasks, such as the Stroop test, might better include similar 

working memory performance as required in the VF task. 

 

 

5.1.2 The importance of individual differences  

EF test batteries in clinical context usually include standard values with the aim to better 

differentiate the patient’s performance and define a cut-off value distinguishing between 

healthy people and patients with neuropsychological deficits. For example, the age of the 

patient is considered to allow for an age-appropriated evaluation of the actual EF and VF task 

performance. However, additional dependent variables such as sex, education or stress level are 
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suggested to be taken into account to control further individual differences and measure actual 

VF performance62,78. Particularly the VF task is well known to evoke considerable differences 

in sexes, favouring women102 while men usually outperform women in visual-spatial tasks102. 

Furthermore, the influence of stress is reported in many studies and is partially suggested as 

positively influence cognitive performance in men and women75,103. 

 

Sexual hormones 

Sex-related differences go beyond the mere definition of “males” and “females” but also 

include hormonal levels. The importance of fine-grained differences is reflected in the scientific 

discussion of the terminology of sex and gender,  moving from a binary classification towards 

the attention of biological variation traditionally associated with sex104. While the term sex is 

supposed to be used classifying individuals according to their reproductive organs, gender 

refers to the individual self-representation of a person. Due to the influence of hormones on 

physiology as well as on behaviour, hormonal levels play an important role when evaluating 

human behaviour and cognitive performances. 

Study 2 included sex-related hormones as features in the prediction analysis to predict VF 

performance. Results demonstrated the predictive power of estradiol, the major female sex 

hormone regulating the female reproductive system105 as one of the strongest variables 

impacting the prediction analysis, while progesterone and testosterone were determined to be 

far less relevant.  

The importance of sex-related hormonal levels was also highlighted in various studies 

investigating sex differences in men and women76, or assessing cognitive performance during 

different menstrual cycle phases106. Here, our results of the positive effect of estradiol on 

cognitive performance support findings of previous research. For example, a study investigated 

the effects of estrogen in men and postmenopausal women who received estrogen replacement 

therapy (ERT) assessing fluency tasks, working memory, attention and mood107. The study 

reported that women receiving ERT performed better in the semantic VF task, attention and 

working memory tests than men. Men performed better in attention and working memory tests 

than women without ERT. Interestingly, women without ERT outperformed men in the fluency 

task. Besides the comparison of cognitive performances, this study also investigated the 

influence of estradiol on the mood. They found fewer depressive symptoms in women with 

ERT compared to the female control group not receiving ERT. Additionally, the authors 

reported lower anger scores in men with higher estradiol levels107. In contrast to the findings 

supporting the positive effect of estradiol on cognitive performance, other studies could not 
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confirm this effect. For example, Leeners et al.108 investigated the effect of estradiol on working 

memory, attention and complex cognitive functions in women receiving fertility treatment. 

Significant changes of cognitive performance could not be identified between groups and also 

were not identified in intra-individual analyses108. 

The present results highlight the need for a differentiated assessment and interpretation beyond 

binary sex classification. The consideration of fluctuating hormonal levels is highly relevant 

when assessing cognitive performance in transgenders of transexual individuals but also affects 

e.g., women’s performance in the different phase of the menstrual cycle. Hence, even if a 

hormonal analysis is not possible due to time or cost restrictions, at least an extended 

assessment of anamnestic information including gender and hormonal specific questions should 

be part of a comprehensive testing to avoid misleading interpretation of VF results. 

 

Stress-related hormones 

To investigate the influence of stress on VF performance, the stress-related hormone cortisol 

was assessed. Study 2 demonstrated that cortisol was the most important feature and even 

influenced VF performance to a larger extent than actual EF test scores.  

The effects of cortisol on cognitive performance have been controversially discussed. On the 

one hand, positive effects of higher cortisol levels were associated with faster reaction times in 

men with higher cortisol levels compared to men without cortisol application103. Additionally, 

a study75 in which young men completed a stress test known to produce cortisol (and did not 

receive external cortisol application) found a positive effect of cortisol on working memory 

performance. However, various studies have found contradictory results and reported a negative 

effect of cortisol on working memory performance at high working memory loads75,109. The 

influence of cortisol on other EF subdomains depends on the respective EF subdomains tested 

and stress levels investigated. In detail, cortisol was shown to increase accuracy in updating 

flexibility tasks in healthy participants110. However, patients suffering from acute stress were 

associated with decreased performance in switching tasks111.  

Based on the heterogeneity of applied methods and findings investigating the influence of 

cortisol on cognitive performance, we suggest that the effects of cortisol depend on different 

criteria. Firstly, the stress load per se might serve as a reasonable factor influencing the increase 

or decrease of cognitive performance. Specifically, a moderate workload causing a moderate 

increase of cortisol might result in faster reaction times while a high demand of cognitive 

processes might lead to a decrease in performance. However, a continuous increased stress 
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level, e.g., caused by the general situation of the participant, might lead to worse performance. 

Secondly, the type of administration of cortisol might influence the effect on cognitive 

performance. An external application of cortisol could lead to different effects than a natural 

increase in cortisol level. A meta-analysis investigating the effects of cortisol on different EFs 

supports this hypothesis and suggest that the time-delay of cortisol administration and the 

impact on EF performance might contribute to different effects112. To sum up, the influence of 

stress might play an essential role in test situations. Therefore, situation-specific stress 

influences, as well as the general mental situation and workload of the participant, should be 

taken into account. Moreover, beside different coping strategies of men and women, the 

concrete type of the evaluated EF test variable should be considered since EF tasks based on 

reaction times might be differently affected by stress than accuracy-based measurements. 

 

 

5.2 The potential of a differentiated analysis of the VF task 

The relationship of VF and EFs, as well as individual differences in cognitive performance, has 

also been investigated in the past81,82. However, having a more detailed look at the features of 

VF performance, reveals considerable changes in research approaches. The present studies 

could take advantages of advanced computational linguistic analysis. 

 

Comprehensive features 

Despite the common use of the sum score serving as a basis to interpret EF performances, 

previous studies showed the advantages of more fine-grained analyses to draw conclusion on 

specific EF competencies. This thesis particularly highlighted the advantage of a 

comprehensive VF analysis to assess working memory performance. 

While in study 1 and 2 the sum of words was analysed to assess VF performance, study 3 

applied a broad set of VF features covering mainly lexical and semantic information. The 

potential of a comprehensive analysis of VF features was identifiable comparing the results of 

study 2 and 3, both investigating the relationship of VF and EFs performance. In detail, study 

3 investigated the prediction of EF test scores based on both, the sum scores only and a 

comprehensive set of VF features. Results revealed lower prediction performance with sum 

score features compared to the full set of comprehensive VF features. In detail, a few main 

variables of the EF tests were predicted but mainly variables of processing speed and reaction 

times were predicted successfully. In contrast, the comprehensive VF feature set predicted the 

main variables of the respective EF test. Additionally, the comprehensive feature set 
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particularly outperformed the sum score analysis in the domain of cognitive flexibility. 

Interestingly, study 2 did not reveal a relationship between working memory performance and 

the VF sum score, while in study 3 working memory scores were predicted successfully. 

Having identified the advantages of a comprehensive VF feature set, an additional aim of study 

3 was to draw conclusions on the importance of different VF feature types influencing specific 

domains of EF performance. Here, all types of VF features, representing error types, speech 

breaks and semantic relatedness contributed similarly to prediction results. The only 

recognizable pattern of dominating VF feature types was identified within the domain of 

cognitive flexibility. In particular, error types were found to play an important role for cognitive 

flexibility test scores. In contrast, error types did not influence prediction results within the EF 

domain of inhibition.  

The general importance of a differentiated analysis of the VF task was investigated in a large 

number of studies, assessing clustering and switching methods59,113, error types68,114,115 and 

speech breaks between produced words82. The present findings of the power of comprehensive 

VF features to assess cognitive flexibility performance are mainly consistent with previous 

research, particularly in more recent studies using computational linguistic approaches. In this 

context, Pakhomov et al.116 investigated fine-grained semantic characteristics in the semantic 

VF task and revealed a close relationship between semantic VF features, cognitive flexibility 

and attention, while less associations were found in memory tasks. Further research even 

demonstrated that the use of computational semantic systems outperforms manual evaluation 

with respect to characterizing individual differences in Parkinson’s patients117. Besides the 

general use of computational semantic systems, the underlying semantic network plays a crucial 

role in displaying cognitive functioning. Pakhomov et al. suggested the use of distributional 

semantic networks rather than ontology-based approaches118. In detail, distributional semantic 

networks are based on co-occurrences, are scalable, and better capture semantic relatedness 

than just semantic similarity118.  

We assume that the missing link between VF performance and specific EF subdomains in 

previous literature might be due to lack of information that could potentially be provided by a 

more comprehensive analysis of the semantic VF task. The findings of all three studies highlight 

the need to analyse the VF task with comprehensive features instead of evaluating solely the 

sum of words. Fine-grained VF features seem to better display the complex involvement of EFs 

in the VF tasks.   
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Types of VF tasks 

In the present three studies different types of VF tasks i.e., lexical and semantic VF tasks 

including a switching component were investigated. While study 1 addressed the more general 

aspect of EFs and the VF task including the lexical and semantic VF test, study 2 and 3 further 

elaborated the concrete involvement of different EF domains in the semantic VF task only. 

The missing link between working memory and EFs in study 2 is consistent with a study 

investigating the relationship of working memory and VF tasks in children and adults119. While 

the authors identified a relationship of the lexical VF task and working memory, they did not 

find a link between the semantic VF task and working memory119. Moreover, the relationship 

of the lexical VF task and working memory was only identified in adults and not in children.  

Azuma et al.120 investigated the sensitivity of the lexical and semantic VF task as well as the 

influence of different categories within the semantic VF task in Parkinson’s patients. 

Interestingly, they found that the actual type of the VF task (lexical, semantic) is not the key 

aspect of differentiating Parkinson’s patients from healthy controls but rather the difficulty level 

of the assessed category of the semantic VF is important. Moreover, they found varying 

influences of the mental status on the lexical and semantic VF tasks120. Similarly, Obeso et al.71 

highlighted the influence of the stage of illness and educational level rather than the difference 

in the actual type of the VF task. 

Based on the present findings reported in this thesis as well as in previous literature, we suggest 

focussing on the difficulty level of the respective VF task and assess different categories or 

letters representing increasing cognitive demands. According to the finding of this thesis that 

VF performance involves more simple aspects of EFs, an individually adapted difficulty level 

might better allow for capturing all domains of EFs than assessing different types of the VF 

task with a similar level of difficulty. 

 

 

5.3 Advantages of machine learning methods 

ML methods are applied in different domains of clinical research e.g., to predict diseases or 

disease progressions. Specific algorithms are able to detect underlying mechanisms and 

common structures to create models that even capture complex dependencies. In the present 

thesis, ML approaches were shown to better reflect the variety of EF domains involved in the 

VF task compared to classical statistical approaches as well as providing generalisability of 

results. 
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Complex relationships between EF and VF tasks 

In detail, non-linear relationships as well as valuable predictors were discovered that could not 

be identified by classical statistical methods. Accordingly, the present three studies highlight 

the added value of ML methods compared to classical statistical approaches. 

Study 1 compared results of ML methods with classical factorization approaches with the aim 

to investigate common structures of different EF tasks. The results of the different approaches 

varied in the number and common structures of EF factors. While some classical statistical 

approaches tended to subdivide EFs in a higher number of factors, representing a heterogenous 

construct of EFs, the ML approach resulted in a two-factor model. In detail, one factor mainly 

included EF tests that require switching and monitoring abilities, while the second factor 

represented complex tasks involving abstraction, problem-solving and abstract thinking. 

Moreover, study 1 demonstrated that the classical statistical approach was less capable of 

generalizing results to subsamples. 

Study 2 applied a direct comparison of classical and advanced methods investigating the 

relationship of VF and EFs. In a first step, simple correlation analyses were used to determine 

linear correlations of specific EF tests and the VF sum score. The correlation analysis revealed 

significant relationships between the VF sum score and tests of cognitive flexibility, inhibition, 

and attention. Additionally, cortisol was found to correlate with VF performance. However, 

only the ML approach identified the tremendous influence of cortisol on VF performance. 

Moreover, the ML approach further revealed relationships of working memory scores and VF 

performance that were not found using correlation analyses. These results indicate that the ML 

approach was better able capturing complex relationships.  

These results are fully in line with literature investigating the use and advantages of ML in 

studies dealing with the potential of speech characteristics. It has been suggested that the 

prediction performance of the specific ML approach depends on the study type and the 

underlying data structure121. For example, Petti et al.122 investigated the current potential to 

predict Alzheimer’s disease from speech and language features. In their systematic review the 

authors described multiple methods that were found to successfully distinguish Alzheimer’s 

patients from healthy controls but also from patients with mild cognitive impairments, e.g. 

applying support vector machines, neural nets and decision trees122. Similarly to our results, 

studies investigating speech parameters in different diseases defined a complex conglomerate 

rather than specific speech features as the most influencing parameters47,123.  
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In general, we suggest that a fine-grained analysis of the VF task provides enormous potential 

to reflect cognitive performance in healthy subjects as well as in neurologic or psychiatric 

patients. Compared to the analysis of the VF sum score only, the high number of extracted 

features allows for the analysis with ML methods. However, a high number of subjects is 

needed to make use of cross-validation options and avoid overfitting of the model. 

 

Generalisability 

Due to the divergent results of previous studies investigating the involvement of the different 

domains of EFs in the VF task, a lack of generalisation seems to represent a critical aspect in 

behavioural study results. On the one hand, a limited amount and variety of EF tests lead to a 

low representation of the complex construct of EF or specific domains. However, the 

assessment of extensive test batteries is rarely possible due to limited time resources and a 

decreasing motivation level of the patient. On the other hand, the low number of available 

speech data sets including EF test results lead to missing replication studies investigated in 

similar study populations to test generalizability in an independent dataset. Similarly, the 

present studies were not able to validate results in an independent dataset. However, here the 

applied cross-validation procedures in all studies provide a solid solution allowing for 

generalizability. While classical hypothesis-driven approaches build the model based on the 

whole dataset, cross-validation methods use unseen data. Thus, this approach plays an 

important role when further developing models for clinical applications. However, clinical 

research is needed integrating ML-methods into clinical trials to further elaborate patient-

specific models taking individual differences into account. 

 

 

5.4 Conclusion 

EF plays an important role in many neurological and psychiatric diseases. Testing the different 

domains of EFs is often time-consuming and lacks in ecological validity. Consequently, there 

is a need to develop alternative and more natural EF test. This gap could be filled with specific 

speech tasks reflecting cognitive performance. The VF task is a common tool to capture first 

insights into the patient’s EF performance. However, only a few studies already investigated 

the specific predictive potential of the VF task with respect to EF performance. The three studies 

presented here applied ML methods to investigate the underlying structure of EFs per se as well 

as the relationship of EFs and VF to finally describe the predictive power of the VF task. 



 27 

Across all three studies, the close relationship of EF tests and the VF task became clear by using 

ML methods. On the one hand results indicated that the VF tasks requires more simple aspects 

of EF. On the other hand, the comprehensive and fine-grained analysis highlighted the potential 

of the VF task to be used as a digitalized screening tool to gain insights into the different 

domains of EFs in healthy participant and patients. In contrast to the common use of the VF 

sum score, the present results demonstrated the dominance of a fine-grained and objectively 

evaluated VF task. However, study results also highlighted the strong influence of individual 

difference such as sex- and stress related hormones or general attention that should be 

considered in research and clinical context.  

The results provided arguments for a superiority of ML methods compared to classical 

statistical approaches with respect to a detailed analysis of VF performance. In detail, these 

methods provided insights into the complex and mainly non-linear relationship of EF 

performance and VF test scores.  

Taken together, these results can be generalized to new data, potentially even to compare 

patient’s data with healthy cognitive performance or track a patient´s decline during disease 

progression. During the last years, there is an increasing interest in investigating VF with the 

use of ML methods, particularly to predict neurological diseases124,125. Thus, the present 

studies, as well as further research, contribute to the use of a time-efficient and ecologically 

valid speech test as a screening for EF performance in a high number of diseases, e.g., as an 

additional diagnostic instrument in disease monitoring diagnostics. 
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7 Appendix 

Additionally to the presented studies in this thesis, a subsequent study was conducted, 

investigating the predictive potential of voice characteristics in ADHD. Due to the clinical 

relevance and the voice-focused analysis, this preprint provides a first step towards a patient 

focused transfer of advanced speech analysis applying ML methods. 

 

 
 
Abstract 

It is a key concern in psychiatric research to investigate objective measures to support and 
ultimately improve diagnostic processes. Current gold standard diagnostic procedures for 
attention deficit hyperactivity disorder (ADHD) are mainly subjective and prone to bias. 
Objective measures such as neuropsychological measures and EEG markers show limited 
specificity. Recent studies point to alterations of voice and speech production to reflect 
psychiatric symptoms also related to ADHD. However, studies investigating voice in large 
clinical samples allowing for individual-level prediction of ADHD are lacking. To aim of this 
study was to explore a role of prosodic voice measures as objective marker of ADHD.  

1005 recordings were analyzed from 387 ADHD patients, 204 healthy controls, and 100 clinical 
(psychiatric) controls. All participants (age range 18-59 years, mean age 34.4) underwent an 
extensive diagnostic examination according to gold standard methods and provided speech 
samples (3 min in total) including free and given speech. Paralinguistic features were 
calculated, and random forest based classifications were performed using a 10-fold cross-
validation with 100 repetitions controlling for age, sex, and education. Association of voice 
features and ADHD-symptom severity assessed in the clinical interview were analyzed using 
random forest regressions.  

ADHD was predicted with AUC = 0.76. The analysis of a non-comorbid sample of ADHD 
resulted in similar classification performance. Paralinguistic features were associated with 
ADHD-symptom severity as indicated by random forest regression. In female participants, 
particularly with age < 32 years, paralinguistic features showed the highest classification 
performance (AUC = 0.86).  
Paralinguistic features based on derivatives of loudness and fundamental frequency seem to be 
promising candidates for further research into vocal acoustic biomarkers of ADHD. Given the 
relatively good performance in female participants independent of comorbidity, vocal measures 
may evolve as a clinically supportive option in the complex diagnostic process in this patient 
group.  
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