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On the implementation of computerized adaptive observations for psychological assessment 

 

Abstract 1 

The use of observational tools in psychological assessment has decreased in recent years, mainly due to 2 

its personnel and time costs, and researchers have not explored methodological innovations like 3 

adaptive algorithms in observational assessment. In the present study, we introduce the behavior-driven 4 

observation procedure to develop, test, and implement observational adaptive instruments. In Study 1, 5 

we use a preexisting observational checklist to evaluate nonverbal behaviors related to psychotic 6 

symptoms and to specify the adaptive algorithm’s model. We fit the model to observational data 7 

collected from 114 participants. The results support the model’s goodness of fit. In Study 2, we use the 8 

estimated model parameters to calibrate the adaptive procedure and test the algorithm for accuracy and 9 

efficiency in adaptively reconstructing 58 non-adaptively collected response patterns. The results show 10 

the algorithm’s good accuracy and efficiency, with a 40% average reduction in the number of 11 

administered items. In Study 3, we used real raters to test the adaptive checklist built with 12 

behavior-driven observation. The results indicate adequate intra-rater agreement and good consistency 13 

of the observed response patterns. In conclusion, the results support the possibility of using 14 

behavior-driven observation to create accurate and affordable (in terms of resources) observational 15 

assessment tools. 16 

Keywords: adaptive psychological assessment; behavioral observation; behavior-driven 17 

observation; one-zero sampling; modal response patterns; schizophrenia, cross-validation. 18 
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In assessing mental disorders, the need for much high-quality information often collides with 21 

the time required to collect it. The time required to entirely administer diagnostic tools, such as 22 

observational checklists or semi-structured interviews (e.g., the Positive and Negative Symptoms Scale; 23 

Kay, et al., 1987), sometimes could not fit the clinical routine in health-care settings (Kølbæk et al., 24 

2018), even if the tools provide extremely accurate information. On the other hand, diagnostic tools 25 

such as questionnaires offer quick administration but sometimes redundant and inexhaustive 26 

information, from a qualitative point of view (Serra, et al., 2015). Researchers often balance the quality 27 

and quantity of information with administration time by defining short forms of assessment 28 

instruments. In recent years, another increasingly frequent solution in clinical research involves 29 

computerized adaptive assessment. This evaluation procedure—usually performed using electronic 30 

devices such as a PC or a tablet—consists of adaptively administering items based on people’s previous 31 

responses (Petersen et al., 2006; Spoto et al., 2018).  32 

Clinicians have used adaptive assessments previously. In fact, this method already occurs in 33 

semi-structured interviews, such as in the Structured Clinical Interview for the DSM (SCID; First, 34 

2014), where the clinician moves through the questions based on the collected responses. Clinicians 35 

also widely apply adaptive assessment in psychological testing via the so-called computerized adaptive 36 

testing (CAT; Wainer, 2000). Several articles in the last two decades showed that CAT allows 37 

clinicians to (a) reduce the length of the questionnaires (Petersen et al., 2006), (b) collect the same 38 

amount of information as tests’ extended (traditional) versions (Spoto et al., 2018), (c) avoid accuracy 39 

loss, and (d) increase the assessment’s efficiency (Donadello et al., 2017). While adaptive 40 

questionnaires are becoming frequently adopted by researchers (Gibbons et al., 2012; Michel et al., 41 

2018; Serra, et al., 2017; Spoto et al., 2018), the same cannot be said for adaptive observational 42 
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assessments. Until now, the logic of adaptivity in observations is mainly related to training behavior 43 

detection (e.g., the Train-to-Code software; Ray & Ray, 2008), and the detection of behaviors for 44 

clinical purposes lacks sufficient research. In this sense, Pino et al. (2018) first showed how some 45 

modules of the latest Autism Diagnostic Observation Schedule version (ADOS-2; C. Lord, Luyster, et 46 

al., 2012; C. Lord, Rutter, et al., 2012) have good implementation potential in a computerized adaptive 47 

assessment system. Unfortunately, no concrete adaptive observational tool currently exists. 48 

Defining an adaptive observation involves the same critical issues encountered in constructing 49 

traditional observational tools: 50 

• the definition of a deterministic assessment model comprising a list of clear and 51 

easy-to-operationalize behaviors (Hawes, et al., 2013; Haynes & O’Brien, 2000); 52 

• the possibility of using multiple observations per person to obtain more precise response 53 

patterns (observational measures require a remarkable amount of resources in terms of 54 

personnel and time, so observational assessments often consist of a single scoring of an 55 

instrument during [i.e., online] or after [i.e., offline] the observation, which could lack accuracy 56 

because the memory interference could introduce bias); and 57 

• the implementation and testing of the found model according to a probabilistic framework, 58 

which should account for common sources of error during the observation, such as the halo 59 

effect (Mumma, 2002), confirmatory bias (e.g., Cantor & Mischel, 1979), five-minute 60 

impression formation (Lee, Barak, & Uhlemann, 1999), and primacy and recency effects 61 

(Groth-Marnat, 2009).  62 

After accomplishing these steps, observers should implement the adaptive observational tool 63 

into a computerized algorithm to guide clinical observations. Finally, observers must have a report 64 

containing information such as the score, the person’s behavioral pattern, and the set of symptoms 65 

endorsed by that pattern.  66 
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This methodological study aims at introducing the behavior-driven observation (BDO), a 67 

method used to build computerized adaptive observational instruments that could help psychologists 68 

conduct exhaustive, effective, and efficient observations. This study particularly aims at describing, 69 

step-by-step, a procedure that people could use to build and test an adaptive observation. To reach this 70 

goal, we applied the BDO method as a practical example to upgrade a preexisting observational 71 

instrument into an adaptive tool. 72 

We describe the BDO procedure in this order: after describing the methodology used to define 73 

an instrument (General Methods section), we present a first study to describe how to define the 74 

deterministic basis of an instrument built within the BDO and how to test it using a probabilistic model 75 

of assessment (Study 1). We then use Study 1’s results in Study 2 to implement an adaptive algorithm 76 

of the BDO. Study 2 aims also at testing, through a simulation, the adaptive algorithm’s accuracy and 77 

efficiency. Finally, in a pilot study, we test the adaptive instrument with real raters in Study 3. Finally, 78 

we discuss all the results, limitations, and future perspectives. 79 

General Methods 80 

In the next subsections, we describe the theoretical and methodological components of the BDO 81 

and introduce a practical example to clarify the main technical issues.  82 

The Formal Psychological Assessment 83 

Researchers can use the Formal Psychological Assessment (FPA; Spoto et al., 2013) 84 

methodology to build questionnaires that can exhaustively investigate the symptoms of a given 85 

psychological disorder (Granziol et al., 2017). The FPA formally connects two theories of 86 

mathematical psychology with clinical psychology, namely the Knowledge Space Theory (KST; 87 

Doignon & Falmagne, 1999; Falmagne & Doignon, 2011) and the Formal Concept Analysis (FCA; 88 

Ganter & Wille, 1999; Wille, 1982) to build assessment instruments. 89 

The FPA’s core aspect concerns the possibility of delineating and analyzing relationships 90 
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between the nonempty set A of clinical issues (i.e., diagnostic criteria or symptoms linked to a mental 91 

disorder; attributes in the FPA) and the nonempty set Q of items investigating those same clinical 92 

issues. The term clinical domain refers to the Q collection of all the items investigating a disorder.  93 

When considering the evaluation of a major depressive disorder from a behavioral point of 94 

view, for example, the clinical domain comprises a set of all the possibly explored items, such as “The 95 

posture of the person points downward”. Moreover, the collection of clinical issues from common 96 

clinical practices, scientific literature, or clinical sources (e.g., the DSM-5; American Psychiatric 97 

Association [APA], 2013), referred to as the diagnosis of major depressive episode, makes up set A of 98 

attributes to investigate. The symptom “Curved posture” exemplifies a possible element in this set. 99 

Each item in the domain may investigate one or more symptoms. For instance, the previous item “The 100 

posture of the person points downward” investigates the attribute “Curved posture.” 101 

The clinical context displays all the links between items and attributes in the form of a Boolean 102 

matrix (i.e., a binary table of 0 and 1) containing the items in rows and the attributes in columns; in a 103 

table with as many rows as the number of items and as many columns as the number of attributes, each 104 

cell contains 1 whenever item q in the row investigates the attribute a in the column (it contains 0 105 

otherwise). For instance, the item “The posture of the person points downward” (q1) in Table 1 106 

investigates the attribute “Curved posture” (a1); the item “Both posture and gaze of the person point 107 

downward” (q2) investigates a1 and the attribute “Gaze downward” (a2). In fact, Table 1 contains a 1 in 108 

the cell corresponding to q1 and a1, and both cells corresponding to a1 and a2 contain 1 for item q2. 109 

[INSERT TABLE 1 HERE] 110 

The clinical context allows an analysis of the prerequisite relations among items. An item, p, 111 

constitutes a prerequisite for another item, q, only if the set of attributes investigated by item p 112 

comprises a subset of the attributes investigated by item q. Assuming no error, we cannot observe a 113 

positive answer to item q without observing an affirmative answer to item p. We can easily check in 114 
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Table 1 if item q1 constitutes a prerequisite of item q2. In fact, the symptoms needed to positively 115 

answer item q2 also affirmatively answer item q1. Importantly, we can use the prerequisite relation in 116 

adaptive assessment to infer the presence of certain symptoms without directly investigating them. 117 

The clinical context and the prerequisite relation define all the admissible clinical outputs of an 118 

assessment instrument built with FPA, namely the clinical concepts. These nonnumerical outputs 119 

collect all the items endorsed by a person and the set of attributes investigated by those items. The 120 

clinical context defines every clinical concept, so it follows that we can know all the clinical outputs a 121 

priori from the clinical context (see Spoto et al., 2010). We call the collection of all the clinical 122 

concepts the clinical structure (𝒞). Spoto et al. (2010, 2016) details the construction of a clinical 123 

structure from a clinical context. We do not focus on these issues in the present research, so we will not 124 

explain them further.  125 

Figure 1 displays the clinical structure defined from Table 1’s clinical context. Each concept of 126 

this structure, each node on the graph, contains the set of attributes necessary and sufficient to observe 127 

all the items in the concept. 128 

[INSERT FIGURE 1 HERE] 129 

Given the set of attributes A= {a1, a2} and the set of items Q= {q1, q2} (both shown in Table 1), 130 

this example allows us to check all the clinical concepts defined by the clinical context. Respectively, 131 

they comprise the clinical concept in which the patient does not present any symptoms (i.e., the empty 132 

clinical concept, ); the clinical concept in which the patient presents only the symptom “Curved 133 

posture” (i.e., the clinical concept {{q1};{a1}}); and the clinical concept in which the patient presents all 134 

the symptoms (i.e., the clinical concept {{q1, q2};{a1, a2}}). Moreover, we can verify the prerequisite 135 

relation among items (e.g., item q1 constitutes a prerequisite of q2). 136 

A clinical structure like Figure 1 represents a deterministic and incomplete basis for an adaptive 137 

assessment, which also requires a probabilistic framework for three main reasons. First, the observed 138 
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response patterns could imperfectly represent an individual’s clinical concept because of noise in the 139 

assessment, represented by the false negative (𝛽𝑞) and false positive (𝜂𝑞) rates for each item. From an 140 

observational perspective, the false negative rate shows the probability of not observing a behavior that 141 

actually occurs, and the false positive rate shows the probability of reporting a behavior that has not 142 

actually occurred. Second, the clinical concepts could occur with different frequencies within the 143 

population; that is, each concept has its own probability, 𝜋𝐶, of occurrence in the population. A 144 

deterministic approach implicitly assumes equiprobability for each concept. Third, a deterministic 145 

clinical structure cannot predict the probability of all the clinical concepts, given people’s response 146 

patterns (i.e., the observed pattern necessarily coincides with the concept). The mentioned parameters 147 

(i.e., 𝜋𝐶  for every clinical concept in the clinical structure and 𝒞, 𝛽𝑞 and 𝜂𝑞 for every item in the 148 

clinical domain) allow researchers to define a probabilistic clinical structure, namely an assessment 149 

model that can assign a probability of occurrence in the population to each clinical concept of the 150 

structure. The probabilistic model applied to clinical structures comprises the Basic Local 151 

Independence Model (BLIM; Doignon & Falmagne, 1999; Falmagne & Doignon, 1988).  152 

Within the BLIM, we calculate each response pattern’s occurrence probability by multiplying 153 

the conditional probability of the pattern—given that a patient exists in a given clinical concept—by 154 

the probability of the clinical concept. We determine the conditional probability of the response pattern 155 

given the state via the false negative and false positive rates of each item, so such error parameters 156 

support the entire assessment model (formal details on the BLIM appear in Appendix S1). In fact, 157 

higher error parameters yield lower reliability for the collected answers. In all the previous applications 158 

of FPA (e.g., Donadello et al., 2017; Pino et al., 2018; Serra et al., 2015, 2017), a single response 159 

pattern per person was sufficient to fit the BLIM and, consequently, to validate the instrument from a 160 

probabilistic point of view because the instruments used comprised self-report questionnaires. As 161 

mentioned before, using a single scoring in observation could reduce response patterns’ accuracy 162 
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because several distortions and false positives or negatives can occur. We would have to obtain a single 163 

pattern derived by multiple scores. The following section describes a procedure for estimating a single 164 

response pattern out of several. 165 

One-Zero Sampling and Modal Response Patterns 166 

In observational studies, people frequently use multiple observations to correctly detect or 167 

quantify a behavior’s frequency or duration. In particular, researchers use specific sampling strategies 168 

to accurately organize these multiple data collections (Altmann, 1974; Hawes et al., 2013; Powell et al., 169 

1977). The one-zero sampling method has a long tradition in observational assessment (Goodenough, 170 

1928). Originally developed for observing animal behavior, it also appears in human observation, such 171 

as in the assessment of nonverbal behavior in patients diagnosed with schizophrenia (Brüne et al., 172 

2008; Troisi et al., 2007) or with depression (Geerts & Brüne, 2009). 173 

The one-zero sampling method consists of two main phases: splitting the observation into n 174 

equal-length samples (e.g., 15–30 s) and then checking a behavior’s occurrence within each sample 175 

(Martin et al., 1993). Specifically, at the end of each sample (usually announced by a beeper), 176 

observers should score 1 if they observe the target behavior at any time during the sample. Thus, a 177 

single score exists for each behavior via the proportion of samples in which it appears. Authors debate 178 

the adequacy of such a score in the literature (e.g., Rhine & Linville, 1980; Smith, 1985). Some authors 179 

discouraged its usage, arguing that it represents a biased measure of frequency or duration (Altmann, 180 

1974; Dunkerton, 1981). Other authors proposed some adjustments to its computation that, while 181 

maintaining the procedure’s advantages, allow researchers to obtain accurate frequency and duration 182 

rates based on the response patterns (Smith, 1985; Suen & Ary, 1984, 1986). In general, researchers 183 

consider one-zero sampling an easy-to-apply method that allows them to observe several behaviors 184 

within the same sample. Finally, one-zero scores can enhance inter- and intra-rater agreement 185 

(Altmann, 1974; Rhine & Linville, 1980; Troisi et al., 2007). In this study, we propose a solution to use 186 
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the information of multiple one-zero samples and to organize them into a single measure: the modal 187 

response pattern. We can obtain this pattern by establishing for each behavior whether occurrence or 188 

non-occurrence is modal across n observational samples. Table 2 displays an example of a modal 189 

response pattern: 190 

[INSERT TABLE 2 HERE] 191 

In this case, Items 1, 4, and 5 describe patterns observed in three out of five samples. Therefore, 192 

their modal value will be 1; that is, “occurrence” takes place throughout the observation. Items 2 and 3 193 

describe patterns observed during two samples; therefore, their modal value will be 0; that is, 194 

“non-occurrence” takes place throughout the observation. This example has a modal response pattern 195 

of 𝑀𝑜 = {1,0,0,1,1}. 196 

The modal response patterns approach conveys accurate information out of a set of response 197 

patterns because the mode acts as the most appropriate central tendency index for dichotomous data, 198 

such as those of one-zero sampling. Other centrality indexes could inappropriately represent 199 

dichotomous data: for instance, the median and the mode in this case coincide, but the mean represents 200 

the proportion of ones rather than representing a centrality indicator (Manikandan, 2011; Weisberg & 201 

Weisberg, 1992). Moreover, the present study’s main objective of observation concerns establishing a  202 

behavior’s occurrence or absence across n observational samples and counting its occurrences in 203 

various samples does not convey this information. In fact, several authors (e.g., Dunkerton, 1981; 204 

Leger, 1977; Martin et al., 1993; Powell et al., 1977) argue that using counts as a score can result in a 205 

biased measure of frequency. 206 

 Furthermore, a modal response pattern appears closest to all other response patterns collected 207 

during the observation in terms of similar responses. This property makes modal response patterns 208 

good candidates for summarizing information derived from multiple observations into a single measure 209 

(a detailed description of this property and the corresponding example appears in Appendix S2). After 210 
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reconstructing univocal information out of the patterns observed in each sample, we can implement a 211 

probabilistic framework for the deterministic model of the observational assessment to define its 212 

adaptive counterpart.  213 

In the next sections, we will describe how to define and implement a nonadaptive deterministic 214 

model of observational assessments within a probabilistic structure according to the FPA. In particular, 215 

we report how we determined our sample size, all data exclusions, all manipulations, and all measures 216 

to first define a nonadaptive checklist (a demonstration of the BDO method) and then test its model fit 217 

and estimate its error parameters (Study 1). We then use Study 1’s results to calibrate the adaptive 218 

algorithm and test its accuracy and efficiency in Study 2. Finally, we test the algorithm with real raters 219 

in Study 3. 220 

Study 1 221 

To develop the proposed observation method, we built a nonadaptive observational checklist via 222 

the FPA. Importantly, the definition and the testing of the nonadaptive checklist should only act as a 223 

demonstration of the BDO’s method. In particular, experts refined preexisting lists of items and 224 

attributes used to evaluate the nonverbal behavior of schizophrenia. We used both lists to define the 225 

deterministic side of the assessment model. We later tested the model fit and parameter estimates of the 226 

assessment model using real data. We describe all the steps below.  227 

Methods 228 

Definition of the Nonadaptive Tool 229 

We defined the nonadaptive observational instrument starting with the list of nonverbal 230 

behaviors proposed by Granziol et al. (2018) and constructed it according to the FPA. The list consisted 231 

of a set of 23 items containing nonverbal behaviors related to negative symptoms frequently observed 232 

in schizophrenia. We rephrased the items (e.g., shortening some items) somewhat to provide more 233 

precise behavioral coding. Furthermore, we added some attributes to the original set, which 234 
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investigated relevant symptoms such as gaze fixation (Dowiasch et al., 2016; Gaebel, 1989). Two 235 

experts in the field of schizophrenia conducted both operations starting with the original lists of items 236 

and attributes. 237 

The experts then defined two clinical contexts independently. The experts’ agreement on this 238 

task was quite high (κ = .91). After discussing the few remaining disagreements, the experts defined the 239 

final clinical context, consisting of 20 items that investigated all the attributes. Tables S1 and S2 in the 240 

supplemental material contain the final lists of attributes and items, respectively. 241 

Starting from the context, we then constructed the corresponding clinical structure, which 242 

contained 6,336 clinical concepts. To have a more convenient clinical structure size, we split the 243 

clinical context into a number of subcontexts (Table 3) by clustering the items and their investigated 244 

attributes around nonverbal areas of interest. In doing so, we aimed to have theoretically consistent 245 

subcontexts and obtain substructures that shared the minimum possible number of investigated 246 

symptoms. The most convenient solution was creating two subcontexts. One contained items that 247 

investigated head and body Movements, as well as gesture and facial expressivity (Table 3a); the other 248 

collected items related to prosodic features and prosocial interactive manifestations (Table 3b). The 249 

former cluster, which we named Movement, generated a structure containing 40 concepts. The latter 250 

context, which we named ProsInt, generated a structure containing 180 clinical concepts. These two 251 

clusters shared only one attribute, “Decreased reactivity to the environment,” enhancing 252 

between-cluster independence. 253 

[INSERT TABLE 3 HERE] 254 

This division into two substructures led to a total number of clinical concepts that was easier to manage 255 

in terms of model testing and parameter estimation without losing information or accuracy during 256 

observational assessments. 257 

Testing the Nonadaptive Tool 258 
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The testing of the deterministic structures focused on various issues: selecting samples, 259 

planning a systematic observation to minimize observer bias, defining reliable modal response patterns, 260 

using the modal patterns as BLIM input for testing structure fit, and estimating item error parameters. 261 

Such analyses represent only one step of the BDO procedure. As specified above, a comprehensive 262 

validation of the nonadaptive checklist is beyond the aim of the present study. In the next section, we 263 

describe the sampling strategy for the clinical and nonclinical subsamples. 264 

Sample 265 

A total of 172 Italian participants enrolled in this study on a voluntary basis. We established the 266 

sample size based on previous similar studies aimed at conducting similar estimations (Donadello et al., 267 

2017; Spoto et al., 2010). The focus of sample size definition is the number of error parameters per 268 

item to estimate; in this case, we have a false positive and a false negative parameter for each item. 269 

Therefore, a minimum of two participants per item is necessary. In the case at hand, we had to estimate 270 

22 parameters for the ProsInt substructure (i.e., 11 items × 2 parameters per item) and 18 parameters 271 

for the Movement substructure (9 items × 2 parameters per item). This sample size allowed us to count 272 

approximately nine persons per item. We recruited a clinical subsample of 38 residential inpatients 273 

with the following primary diagnoses: schizophrenia, major depressive disorder with psychotic 274 

behavior and bipolar disorder with psychotic behavior. We recruited all patients diagnosed with bipolar 275 

disorder during the depressive phase. All patients without a diagnosis of schizophrenia presented at 276 

least one negative symptom. Patients were enrolled in three psychiatric centers in Italy: The Psychiatry 277 

Unit of San Salvatore Hospital in L’Aquila; the Padova University Hospital; and the Department of 278 

Clinical Neurosciences, IRCCS San Raffaele Scientific Institute in Milan. 279 

Psychiatrists who were experts in the schizophrenia field ascertained diagnoses using the 280 

DSM-IV-TR as nosology classification system (American Psychiatric Association [APA], 2000). 281 

Patients with a diagnosis of schizophrenia received first- (~20%) or second-generation (~80%) 282 
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antipsychotics to treat their disorder, whereas patients with other disorders received benzodiazepines, 283 

tricyclic antidepressants, and selective serotonin reuptake inhibitors (SSRIs; ~70%). Coadministration 284 

of benzodiazepines was possible. Inclusion criteria for the clinical group were as follows: the presence 285 

of at least one psychotic symptom; ongoing treatment with a stable dose of pharmacological therapy; 286 

being a native speaker of Italian. Severe traumatic brain injury, neurological disorders, intellectual 287 

disability, and alcohol or substance abuse in the past six months were the exclusion criteria. The 288 

nonclinical sample comprised 134 people, mostly students, selected from the population and recruited 289 

in Padova. The exclusion criteria for nonclinical sample were self-reported presence of at least one of 290 

the disorders mentioned above, intellectual disability, and self-reported alcohol or substance abuse in 291 

the past six months. We used a snowball sampling strategy (Goodman, 1961). The initial recruitment 292 

used online advertisements. Each time participants answered the advertisement and agreed to 293 

participate, we encouraged them to ask other people to participate. In this way, we increased the 294 

randomness of the recruitment. Table 4 shows the demographics of the entire sample. Table S3 295 

contains levels of education of all the participants, divided by group. 296 

[INSERT TABLE 4 HERE] 297 

Although the established sample is adequate to verify model fit (e.g., Spoto et al., 2010), the 298 

proportion of patients and nonclinical individuals may be not completely adequate to represent the real 299 

population. Given the prevalence of psychotic spectrum disorder (0.3–0.7% lifetime; APA, 2013), the 300 

proportion of patients with a psychotic spectrum disorder diagnosis in our sample was larger than in in 301 

the actual population. Nonetheless, given that the main aim of the present research was to introduce a 302 

method for building, testing, and implementing an adaptive observational tool, this imbalance did not 303 

represent a serious problem. 304 

All participants read and filled out an informed consent form before the experimental phase. 305 

The psychiatrists and psychologists explained the voluntary basis of participation and the nonintrusive 306 
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nature of the study very carefully. Because the study consisted of a videotaped interview, we stated 307 

explicitly to the participants that they could withdraw from the interview at any time without penalty or 308 

a change in the therapeutic plan. We conducted this study according to the Declaration of Helsinki and 309 

obtained approval from each collaborating center’s ethical committee. 310 

Stimuli and Procedure 311 

We videotaped participants during the administration of the Positive and Negative Symptoms 312 

Scale (PANSS; Kay et al., 1987), a semi structured interview frequently used in psychiatric settings by 313 

psychiatrists at the collaborating centers. A psychologist administered the PANSS to the nonclinical 314 

group. For the patients, the psychiatrists administered the PANSS during their standard assessment 315 

phases, which was less demanding on patients. In all cases, the speakers sat in front of each other with 316 

a remotely controlled Sony PJ410 video camera placed on top of a 120-cm tripod and positioned 317 

behind the interviewer’s right shoulder. This position allowed the interviewer to record the participant’s 318 

whole body without the interference of the expert. The interviews lasted from 30 to 45 minutes. 319 

Interviewers performed all camera operations (e.g., video extraction, charging) immediately before or 320 

after each interview. This allowed the interviewers to be less distracted and reduced the participants’ 321 

feelings of being observed. After the interview, the experts provided the participants with a detailed 322 

explanation of the interview’s aim and answered any questions the participants raised. 323 

Videos were then downloaded and linked to a code that was unique for each participant. We 324 

extracted the video samples for the scoring phase to build the stimuli according to the one–zero 325 

sampling method, and we determined the samples’ number and duration empirically decided based on 326 

10 pilot interviews. To provide a good tradeoff between the length of the observations and the accuracy 327 

of the collected information, we selected 15 one-minute samples. 328 

We created the stimuli as follows. First, we split each original video into 15 samples. A Python 329 

script then randomly determined which sample to extract from the original video (Van Rossum et al., 330 
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2007). The script excluded the first and last five minutes. We then edited the 15 samples, adding a 331 

countdown sequence and a beeper before and after each sample, respectively. Finally, we shuffled and 332 

coded this set of edited samples as a single MP4 video file1 for use during the testing phase. We used 333 

the random selection and the subsequent randomization of the 15 samples to reduce order and sequence 334 

effects and minimize the risk of biases such as the first-minute impression. 335 

Independent raters (one male and one female) observed and coded the 172 final videos. The 336 

raters were psychiatrists selected based on their considerable expertise in mental disorders belonging to 337 

the psychotic spectrum, based on the number of years they have worked with these disorders and 338 

related scientific publications. In particular, both raters watched and rated the 15 samples of each video 339 

on a personal computer while seated 70 cm from the screen. They received instructions not to talk or 340 

have any contact with each other or with the experimenter. During the pre-experimental phase, the 341 

raters received a detailed description of items along with some examples of their manifestations. We 342 

also explained the scoring rule and paid particular attention to those items investigating several 343 

nonverbal behaviors. 344 

During the observational assessment, raters observed each video sample until the beeper’s 345 

sound warned them of the session’s end. At that point, the video stopped, and the raters filled out the 346 

nonadaptive checklist (provided in paper-and-pencil form), checking an item only if the described 347 

nonverbal behaviors occurred within that sample. When the raters observed several cases per day, we 348 

suggested they take a break every two observed patients and limit themselves to four observations per 349 

day. 350 

Model Fitting and Parameters Estimate 351 

The one–zero sampling and modal response pattern procedures led to 344 modal response 352 

 
1 We stored all original and edited videos on hard disks located in a locked, safe place that only the project’s researchers 

could access. 
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patterns (i.e., two patterns per patient, or, one for each rater). We obtained the final set of 172 modal 353 

response patterns by combining each pair of modal patterns into a single pattern by solving the few 354 

disagreements between the raters using direct discussion. Finally, we split this final set into two subsets 355 

to perform a cross-validation. Specifically, we used 114 modal response patterns (i.e., 89 from the 356 

nonclinical group and 25 from the clinical group) to test the structures’ fit and estimate the item error 357 

parameters β and η. We used the remaining 58 modal response patterns (i.e., 45 from the nonclinical 358 

group and 13 from the clinical group) to perform Study 2. 359 

Concerning model fitting and the parameters’ estimate analyses, we used an 360 

expectation-maximization algorithm (EMA; Dempster et al., 1977) implemented in MATLAB. The 361 

Pearson’s chi-square statistic (Falmagne & Doignon, 2011) evaluated the two structures’ goodness of 362 

fit to the data, and we calculated the corresponding p value using a parametric bootstrap with 5000 363 

replications. We computed the p value by bootstrap due to the sparseness of the data matrices, for 364 

which the asymptotic distribution of the χ2 was not completely reliable (Reiser & VandenBerg, 1994; 365 

Spoto et al., 2010). Moreover, we used the algorithm to estimate all the BLIM parameters, namely the 366 

πc for each clinical concept of the structures and the error rates (i.e., βq and ηq) for each item on both 367 

subscales. High error rates for an item indicated low reliability of the responses collected through that 368 

item, meaning a possible misfit of the model.  369 

In recent studies (Spoto, Stefanutti et al., 2012; 2013; Spoto, Serra, et al., 2018; Stefanutti & 370 

Robusto, 2009; Stefanutti et al., 2018), error rates between 0 and .1 were low, values between .11 and 371 

.2 were moderate, and values between .21 and the upper boundary of .5 were high. Appendix S3 372 

contains our detailed methodological rationale for the proposed thresholding.  373 

Results 374 

In general, the 172 pairs of modal response patterns presented a very high inter-rater agreement 375 

(κ = .94), and the few disagreements were easily solved. The results of the first participants’ subset 376 
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(n = 114) showed a good fit of both structures to the data with adequate error parameters, as shown in 377 

Table 5. 378 

[INSERT TABLE 5 HERE] 379 

Among the β parameters of the Movement structure, Item 5 showed a moderate value (β = .13; 380 

range: .11–.2); Item 8 (β = .36; range: .21–.5) showed a high value (Table 6). 381 

[INSERT TABLE 6 HERE] 382 

However, the estimated η parameters were extremely small for all items, indicating the 383 

probability of a false positive was particularly low. Even among items belonging to the ProsInt 384 

structure, all η parameters were very low. Finally, the only item that obtained high β estimates was Item 385 

16 (β = .27), which investigated a set of highly specific behaviors. In other words, with few exceptions, 386 

all items presented low false positive and negative rates. 387 

The results of Study 1 indicate the possibility of defining a procedure to address some critical 388 

issues related to the construction of an observational instrument as first step of the BDO method. In 389 

particular, a rater-friendly operationalization of the behaviors and their integration according to FPA 390 

methodology resulted in the construction of a nonadaptive observational checklist. The testing 391 

procedure revealed that the constructed model fit real data adequately. The missing steps are the 392 

application of the model to conduct an adaptive procedure for observation and its subsequent testing in 393 

the field. In Study 2, we implemented the checklist built and tested in Study 1 in an adaptive fashion by 394 

defining an adaptive observation algorithm. Finally, we tested the new computerized tool’s accuracy 395 

and efficiency with real raters (Study 3). 396 

Study 2 397 

 In the last two decades, several algorithms have implemented adaptive assessment instruments 398 

starting from psychometric or mathematical frameworks. For instance, various algorithms were coded 399 

according to the item response theory and mainly implemented with self-report measures (Fliege et al., 400 
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2005; Gibbons et al., 2012; Michel et al., 2018). The adaptive system usually applied to FPA 401 

instruments is the so-called Adaptive Testing System for Psychological Disorders (ATS-PD; Donadello 402 

et al., 2017). The ATS-PD was coded within the FPA theoretical framework; therefore, it can account 403 

for the deterministic and probabilistic features of a clinical structure. In other words, ATS-PD uses all 404 

the parameters estimated from the application of the BLIM (i.e., probabilities of the clinical concepts 405 

πc, the false negative βq, and the false positive ηq rates of each item) to create an adaptive instrument. In 406 

this regard, the ATS-PD procedure has been tested only on self-report measures investigating 407 

obsessive-compulsive disorder (Donadello et al., 2017) and major depressive episodes (Spoto et al., 408 

2018). In this study, we applied it within the BDO to implement the adaptive version of the previously 409 

refined checklist. 410 

Methods 411 

Behavior Driven Observation Algorithm 412 

An adaptive algorithm implemented using ATS-PD and here applied within the BDO is based 413 

on three main rules: the questioning rule, the updating rule and the stopping rule. Appendix S4 414 

describes the formal aspects of the algorithm’s functioning. 415 

The BDO algorithm selects items to observe according to the questioning rule. In particular, the 416 

algorithm selects the most informative item. In other words, it selects the item that provides the largest 417 

amount of information regardless of the collected response. Whenever two or more items are eligible or 418 

observation, the algorithm selects one randomly. 419 

The algorithm collects the answer to the proposed question (i.e., “yes” or “no”) and then applies 420 

the updating rule. This rule states that if an item receives a positive answer from the rater, the 421 

probability that the final output (i.e., the clinical concept) contains that item increases, and the 422 

probability decreases for those outputs that do not contain this item. This symmetric reasoning is valid 423 

for a collected negative response. It is important to note that, even for the algorithm, error parameters 424 



COMPUTERIZED ADAPTIVE OBSERVATIONS 

 19 

 
play a key role because they directly influence the extent to which an item can update the 425 

aforementioned probabilities. If an item has low error parameters, it will produce a substantial 426 

modification of the probability distribution of all clinical concepts (see Appendix S4). In other words, 427 

the lower the error parameters for each item, the higher the reliability of the collected responses, and, 428 

therefore, the higher the accuracy and efficiency of the algorithm in delineating the final output. 429 

The algorithm continues asking questions and updating concepts’ probabilities until it reaches a 430 

stopping criterion. In particular, this stopping rule is satisfied when all items are either very unlikely to 431 

be included in the final output or are almost certainly included in the final output. Therefore, none of 432 

the items contributes substantially to the definition of the final output. Once the algorithm reaches this 433 

criterion, it stops the assessment, stores the response pattern and its corresponding clinical concept, and 434 

is ready to start a new assessment. An instrument built using the BDO method can administer multiple 435 

observations. In this study, the instrument performed 15 observations in this study.2 After the last 436 

observational sample, the algorithm ends the entire assessment, calculates the modal response pattern, 437 

and defines the corresponding modal clinical concept. In the end, the BDO’s algorithm generates the 438 

output, which consists of the modal response pattern M, its estimated clinical concept CM (which 439 

usually coincides with M), the list of the symptoms related to CM, their probability estimates, and the 440 

number of questions required to end the assessment. Figure 2 shows an example output provided by the 441 

BDO algorithm for a single session of a simulated assessment of the Movement subscale. The first 442 

section of the output contains the number of items selected by the algorithm to complete the assessment 443 

out of the total number of items in the scale. In this example, the algorithm asked five of the nine items 444 

in the Movement subscale (see tables S1 and S2 for details); furthermore, in this section of the output is 445 

reported the number of items that received an affirmative response; in the case at hand, three items out 446 

of the five asked received a positive answer. The second section of the output reports information about 447 

 
2 The BDO algorithm is suitable also for a single observation, if necessary. 
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the items included in the clinical concept and its associated probability value. In the case at hand, the 448 

clinical concept is 𝐶 = {2,4,5,9} with a probability value of .98. Notice that, even if the algorithm 449 

collected only three affirmative responses, the final clinical concept 𝐶 contains four items. This is due 450 

to the prerequisite relations (see General methods section) among those four items. The last section of 451 

the output reports, first, the attributes that the patient may present with their associated probability; 452 

second, the attributes that the patient did not prove to present, with their associated probability. In the 453 

case at hand, the subject displayed three out of six attributes investigated by the Movement subscale: a 454 

reduction in head movements, spontaneous movements and gesture, with high probability of 455 

occurrence for each of them (i.e., 1, .99 and 1). On the other hand, the procedure suggests that the 456 

attributes “reduction in facial expressivity”, “decreased reactivity to the environment”, and “rigid 457 

posture” (with probability 0, .5 and 0, respectively) should not characterized the patient. 458 

[INSERT FIGURE 2 HERE] 459 

We coded the BDO algorithm in R (R Core Team, 2018) and implemented it in Shiny R (Chang et al., 460 

2018) for research purposes.3 In addition, we tested the algorithm’s accuracy and the efficiency, as 461 

described below. 462 

Simulation Design 463 

We designed a simulation study to test the BDO algorithm’s accuracy and efficiency when 464 

reproducing the original data. To accomplish these goals, we coded the algorithm to run again the 465 

observational assessments used to test the nonadaptive checklist. In particular, we adaptively simulated 466 

the remaining subset of 58 response patterns (i.e., obtained from their 15 observational samples) and 467 

used these response patterns to define the simulated modal response patterns for each patient. Finally, 468 

we compared the simulated and original modal patterns to have a measure of accuracy, and we used the 469 

 
3 An R package containing the entire algorithm is in production phase. Examples of the used functions are available upon 

request. 
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number of suggested items as a measure of efficiency. 470 

Outcome Measures 471 

To measure efficiency, we calculated the average number of suggested items within each 472 

sample of observation and across all 15 samples. We expected an average lower number of suggested 473 

items for the adaptive instrument compared to its nonadaptive counterpart’s 20 items (i.e., 9 items for 474 

the Movement structure and 11 for the ProsInt structure). 475 

We tested accuracy by analyzing two symmetric distances. The first was the distance between 476 

the modal response patterns we obtained using the nonadaptive and adaptive versions of the tool. Such 477 

distances corresponded to the number of discrepant answers between the two modal response patterns 478 

and represented the first index of accuracy. The second symmetric distance was the number of 479 

discrepant answers between the clinical concepts (i.e., the final outputs) derived from both versions of 480 

the instrument. This represented the second index of accuracy. Appendix S5 contains a formal 481 

description of such indexes. We expected small distances, which indicated more similarities. Higher 482 

distances corresponded to a relevant inconsistency in the generated information between the two 483 

outputs (Spoto et al., 2018). We expected most of the simulated modal response patterns to be equal to 484 

the original ones for both Movement and ProsInt structures. 485 

Results 486 

Table 7 displays the main results concerning the algorithm’s efficiency. The algorithm 487 

completed the entire assessment, suggesting checking fewer items compared to the nonadaptive version 488 

of the instrument. In particular, the algorithm simulated and completed the Movement structure 489 

assessment by suggesting an average of 5.1 items out of 9 (SD = 0.3) per observation sample. In terms 490 

of overall observation, the assessment suggested only 57% of items across the 15 observational 491 

samples. Concerning the ProsInt subscale, the algorithm asked an average of 7.08 items out of 11 (SD 492 

= 0.4) per observation sample. Consequently, observation across the 15 samples was completed by 493 
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suggesting only 64% of items. 494 

[INSERT TABLE 7 HERE] 495 

Table 8 displays the distances between the modal response patterns obtained from both versions 496 

of the observational tool. The BDO algorithm perfectly simulated most of the original modal response 497 

patterns. In particular, for 95% of the modal response patterns simulated by the BDO, the symmetric 498 

distance between the original and the simulated response patterns was zero. 499 

[INSERT TABLE 8 HERE] 500 

The algorithm found a limited number of modal response patterns whose symmetric distance 501 

was not zero. This occurred for only three modal response patterns in both structures: for each of them, 502 

the algorithm simulated a modal response pattern whose symmetric distance was equal to one item.  503 

For the second accuracy index (related to clinical concepts), the symmetric distance was zero 504 

for all comparisons between the concepts of the Movement structure, meaning that the modal patterns 505 

calculated from both versions of the instruments converged into the same clinical concept. The same 506 

result was found within the ProsInt structure, where only one comparison led to a symmetric distance 507 

different from zero, namely equal to two items. In sum, the results suggested that the BDO algorithm 508 

completed the assessment accurately and optimized it in real time. 509 

Study 3 510 

As a final step, we conducted a pilot study to test the tool implementation according to the BDO 511 

procedure. We expected that real raters using the adaptive checklist could reach modal response 512 

patterns consistent with those obtained through the nonadaptive checklist and save time. 513 

Methods 514 

Raters 515 

Four female raters, different from those of Study 1, were recruited for this last study. Their ages 516 

ranged between 22 and 31 years old (M = 26, SD = 3.79). Two raters (R1 and R2) were experienced 517 
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psychotherapists: R1 was trained in cognitive behavioral therapy, while R2 was trained in constructivist 518 

psychotherapy. The other two raters (R3 and R4) were psychology students working on their master’s 519 

theses. 520 

Sample 521 

A subsample of 10 patients was randomly selected from the clinical group of Study 1. All 522 

patients in this sample were diagnosed with schizophrenia. This sample was equally distributed for sex, 523 

and participants’ ages ranged between 24 and 67 years old (M = 45.52, SD = 11.87). All patients 524 

presented at least one negative symptom and were treated with first- (20%) or second-generation (80%) 525 

antipsychotics. All patients gave consent for this study. 526 

Stimuli 527 

The stimuli for this study were the videos of the 10 patients included in Study 3 that were 528 

collected for Study 1. 529 

Training 530 

Each rater attended a brief training session before the experimental phase. The experimenter 531 

explained and discussed each item belonging to the nonadaptive checklist with the raters. Great 532 

attention was devoted to items describing multiple behaviors, and items whose estimated error 533 

parameters in Study 1 were moderate or high. Then, the four raters were made aware that (a) each 534 

video sample was independent from the others, and (b) no time sequence was followed in the samples’ 535 

presentation. Finally, raters watched pilot videos (of both patients and controls) and scored the 536 

nonadaptive checklist for them. Their modal response patterns were matched with those obtained from 537 

Study 1 and Cohen’s κ were calculated. Once an average κ of .8 was reached, the training was stopped, 538 

and the experimental phase began. Four videos per rater were necessary to reach this threshold. 539 

Experimental Phase 540 

We asked each rater to watch each of the 10 videos twice, then complete the checklist once in 541 
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its adaptive form and once in its nonadaptive form. The order of adaptive and nonadaptive versions was 542 

randomized among raters. One week was set as the inter-observational interval between the adaptive 543 

and nonadaptive checklist completions. Each rater watched the video 70 cm away from a 21-inch 544 

screen of an iMac 8.1 with standard resolution of 1680 × 1050. During the observation, participants 545 

wore headphones to avoid distraction. The experimenter instructed each rater to watch each video 546 

sample until its conclusion and, only at that point, to complete the checklist and press a button to watch 547 

the next sample. Raters were also asked not to interact with the experimenter. Raters were blinded to 548 

the particular form of the checklist they used (i.e., adaptive or nonadaptive). Thus, to make the two 549 

administrations more similar to one another, the items of the nonadaptive version of the checklist were 550 

administered in a random order, which varied in every sample. To reduce the risk of biased responses 551 

caused by fatigue (Haidet et al., 2009), a break was planned after the evaluation of each patient. 552 

Moreover, no more than two patients per day were observed by raters. 553 

Data analysis 554 

The intraclass correlation coefficient (ICC; Fisher, 1992) was used as a measure of intra-rater 555 

agreement (Koo & Li, 2016) to test whether the adaptively collected modal response patterns 556 

converged with those defined via the nonadaptive checklist. The irr package (Gamer et al., 2012) in the 557 

R statistical software was used to compute ICC and its 95% confidence interval. The time-saving 558 

efficiency of the adaptive checklist was tested using a generalized linear mixed-effects model 559 

(GLMM). The mean time needed to administer the checklist was used as the response variable, the 560 

instrument version (adaptive vs. nonadaptive) was set as its predictor (i.e., GLMM’s fixed effect), and 561 

the intercept for each patient was a random factor. The lme4 package (Bates et al., 2015) was used to 562 

calculate the GLMM, while the car package (Fox & Weisberg, 2011) was used to obtain the p values. 563 

The decision process leading to this analytic plan is described in Appendix S6. 564 

Results 565 



COMPUTERIZED ADAPTIVE OBSERVATIONS 

 25 

 
Table 9 contains the results of the efficacy and efficiency tests for each rater. In general, each 566 

rater showed high intra-rater agreement, ranging from .75 to .87 (M ICC = .82; SD = .05; 95% CI = 567 

[.53, .92]). Expert raters were more consistent and took less time to fill out the checklists.  568 

[INSERT TABLE 9 HERE] 569 

Regarding general efficiency, a significant effect of the instrument version emerged (χ2(1) = 570 

141.18, p < .001). We observed that administering a nonadaptive checklist required more time on 571 

average than its adaptive counterpart across the 15 samples (time difference: 6 min 28 s, t (5) = 11.88, 572 

p < .001, Cohen’s d = 1.97). This result was similar for all raters (see Table 9). These results suggest 573 

that using an adaptive checklist built through a procedure such as BDO can lead to accurate data across 574 

multiple observations with significant savings in time.  575 

General Discussion 576 

Observational assessment can provide experts with information that is not detectable by other 577 

assessment modalities (e.g., nonverbal behavior, dynamics of interaction). In psychology and 578 

psychiatry, this information is extremely useful for completing exhaustive descriptions of patients’ 579 

symptomatology. Nonetheless, in recent years, the rate of research and new developments in 580 

observational tools for psychological assessment has decreased, probably due to difficulties related to 581 

observation such as time consumption and inter-rater agreement. 582 

Our methodological study attempted to introduce an adaptive observational method called 583 

BDO, which succeeded in conducting a more efficient and equally accurate observational assessment, 584 

compared to traditional observation methods. BDO implements the FPA methodology in the 585 

observational assessment framework by using the one-zero sampling procedure for multiple 586 

observations. For this paper, BDO was applied to the evaluation of nonverbal behaviors related to some 587 

negative symptoms frequently observed in psychotic-spectrum disorders, mainly schizophrenia. As 588 

with typical FPA applications, the BDO algorithm (i.e., the clinical concept) had appreciable clinical 589 
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relevance because it can be used to set a therapeutic plan targeted at a patient’s specific set of 590 

symptoms. 591 

In its first part, the application of BDO overlaps that of FPA and consists of construction of 592 

clinical context, definition of the clinical structure, and probabilistic testing based on administration of 593 

an observational task in a nonadaptive fashion. In the application described in this article, two contexts 594 

were built: one for prosody and prosocial behaviors, and another for Movement behaviors. These 595 

contexts produced two clinical structures counting 40 Movement and 180 ProsInt clinical concepts. 596 

Test results for these structures showed good fit indexes of the models to the data as well as adequate 597 

values for both the 𝛽 and 𝜂 parameter estimates for each item. These results are encouraging because 598 

they suggest that obtaining valid assessment models is possible even for observation, with low 599 

probabilities of false positive or negative assessments when observing multiple behaviors. One of the 600 

main advantages of defining and testing an instrument using BDO is the flexibility of this method. 601 

BDO’s flexibility results in a very efficient way to cope with both inter-rater disagreement on 602 

item-attribute assignments and changes in the attributes selected for investigation (these could 603 

correspond to either possible theoretical modifications in the definition of the disorder, or to different 604 

theoretical perspectives of the experts.). Whenever disagreements among experts on item-attribute 605 

assignments occur, two possibilities are provided by BDO. The first possibility refers to the solution of 606 

disagreements by discussion between the experts; this is the solution adopted in our study. The second 607 

possibility is the selection of the item-attribute assignment that fits the data best. On the other hand, 608 

changes in the detection of the relevant attributes for a disorder can easily be implemented by slightly 609 

modifying the clinical context (the Boolean matrix) and verifying the effects of the modifications on 610 

model fit. 611 

Furthermore, the different techniques and methods applied by the BDO algorithm yielded some 612 

interesting outcomes from a clinical point of view: (a) The application of the one-zero sampling for 613 
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multiple observations allowed us to monitor for the occurrence of several behaviors in short intervals of 614 

time, reducing the risk of primacy or recency effects; (b) the randomization of observational samples 615 

could have reduced effects, such as anchoring, halo, and early impression; and (c) the collection of 616 

modal response patterns from each rater gave us the chance to use a single and reliable datum for each 617 

person to test the structures, overcoming the debated criticisms of one-zero patterns (Dunkerton, 1981; 618 

Rhine & Linville, 1980; Smith, 1985). 619 

All these advantages sum to the intrinsic advantage of the adaptive administration of the tool, 620 

which solves one of the most crucial drawbacks of observation: time consumption. The last two parts 621 

of BDO application consist of combining the two structures and the parameter estimates into two 622 

modules (one for the ProsInt structure and one for the Movement structure) of adaptive assessment 623 

tools. This is aimed at helping to accurately complete an observation and reduce its time, even with real 624 

raters. In general, the time reduction is positively affected by two main factors: the size of the structure 625 

and the item error parameter values. The larger the structure, the weaker the relations among the items; 626 

therefore, the adaptive procedure would be less efficient. On the other hand, the lower the error 627 

parameter values, the more reliable the information collected through each item administration, and, 628 

therefore, the more efficient the adaptive assessment. In the applications described in this paper, the 629 

parameters were low enough that in the adaptive administration, a strong reduction of the requested 630 

items was observed, and a reliable reconstruction of the modal patterns was obtained. The responses’ 631 

convergence was corroborated even in the last pilot study, where high intra-rater agreement was 632 

observed across four different raters regardless of their clinical experience. Finally, a modest reduction 633 

in terms of evaluation time was observed when the adaptive checklist was used. This result is 634 

reasonable considering that it is the first trial of a new procedure. Indeed, the final aim of the BDO is 635 

the construction of an online adaptive observation tool. The online adaptive modality would require 636 

fewer multiple observation samples, collapse the observation and evaluation phases, and take complete 637 
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advantage of BDO’s potential. From this perspective, our results are encouraging.  638 

The studies included in this paper present some limitations: For instance, the response scale of 639 

the proposed checklist is binary (yes/no). The implementation of a rating scale checklist could be useful 640 

for collecting information about the gravity of a specific behavior, and this is a topic of research within 641 

FPA methodology. Another partial limitation is the number of observations conducted to test the 642 

structures, even if the collected data are adequate for reliable estimation of the error parameters. It is 643 

common practice, in any case, to assume uniform distribution of the concepts as the starting point for 644 

an adaptive procedure. Because the collection of a sufficient amount of data to reliably estimate 645 

concept probabilities is impossible (it would be necessary to collect more than 1,000 observations 646 

conducted by at least two different raters), this solution makes application of the adaptive assessment 647 

feasible, reliable, and efficient. 648 

A final limitation is the number of samples per observation. While the 15 samples can solve the 649 

problem related to the reliability of the response patterns, it can be argued that such a number of 650 

samples is still time-demanding and should be reduced. In fact, Study 3 showed how a statistically 651 

significant reduction in time occurred but did not reflect the relevant savings in terms of observable 652 

items shown in the Study 2. As a first step, this work focused on the intended efficiency as a reduction 653 

of the number of asked items. More effort must be made to achieve clinical time saving. Current 654 

studies are focused on solving these issues and finding the minimal number of samples for obtaining 655 

accurate and reliable outputs, with the goal of creating multiple adaptive online observations that could 656 

almost completely solve the time consumption issue. 657 

Beyond these limitations, it is important to stress some implications of our study. The BDO 658 

algorithm was allowed to merge with and take advantage of several techniques and methods: the formal 659 

and metric characteristics of the FPA, the use of multiple observations from the one-zero sampling 660 

method, the possibility of applying all of them through modal response patterns, and the calibration of 661 
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adaptive systems such as the ATS-PD. As the results show, all these factors made it possible to develop 662 

a procedure that could define easy-to-use adaptive observational instruments and provide clinicians 663 

with help not only in conducting observations, but also with gathering sensitive information. In 664 

particular, data contained within the clinical concepts are potentially the most important clinical 665 

elements of an instrument defined by BDO. As shown in Figure 2, the clinical output of this checklist 666 

consists of a list of several elements: the number of observed items during the entire assessment out of 667 

the total number of items in the checklist, the corresponding concept within the structure and its 668 

probability, and the precise list of the observed behaviors related to specific clinical symptoms, and 669 

their probability of occurrence. Each of these elements can be used by clinicians during the assessment 670 

phase, providing them with more exhaustive data to formulate a case. For instance, the number of items 671 

observed can be used as a patient’s raw score; the list of the specific symptoms can discriminate 672 

between patients with the same score but different symptomatology. In this way, a specific and detailed 673 

therapeutic plan can be set. Moreover, the list of symptoms can be used to focus on the core aspects to 674 

be treated. Finally, the clinical output of observational instruments built with BDO can be used for two 675 

other important applications. On the one hand, BDO instruments can be used to train raters because 676 

their output is immediate and can be examined and discussed among trainers and trainees. On the other 677 

hand, the clinical concepts can be used as an index of treatment efficacy, as the increase or decrease of 678 

symptoms’ number across multiple assessments can give clinicians an idea about what (and how much) 679 

is changing thanks to treatment. 680 

To conclude, the BDO can be used to help experts during complex observational assessments 681 

by defining instruments that provide them with a clinical output that immediately conveys the specific 682 

symptoms presented by patients. This information can be used to precisely formulate cases and define 683 

personalized treatment strategies to help patients with specific critical conditions. Furthermore, our 684 

results pave the way for other attempts at implementing observations with computerized adaptive 685 
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algorithms. 686 

  687 
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Tables 844 

Table 1 845 

Example of Clinical Context  846 

q/a 𝒂𝟏 𝒂𝟐 

𝒒𝟏 1 0 

𝒒𝟐 1 1 

 847 

Note. q1 = "the person’s posture points downward;” q2 = “both posture and gaze of the person point downward;” a1 = 848 

curved posture; a2 = downward gaze. 849 

 850 

Table 2 851 

Example Modal Response Patterns 852 

 853 

 𝑺𝟏 𝑺𝟐 𝑺𝟑 𝑺𝟒 𝑺𝟓 𝑴𝒐 

Item 1 0 1 1 0 1 1 

Item 2 1 0 1 0 0 0 

Item 3 0 1 0 0 0 0 

Item 4 1 0 1 1 1 1 

Item 5 1 0 1 1 1 1 

Note. Mo = modal response pattern. S1–S5 denote observational samples. 854 

855 
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Table 3 856 

Clinical Subcontexts for Movement and ProsInt Scales 857 

 858 

Movement  ProsInt 

Item 𝑨𝟏 𝑨𝟐 𝑨𝟕 𝑨𝟖 𝑨𝟏𝟎 𝑨𝟏𝟐  Item 𝑨𝟑 𝑨𝟒 𝑨𝟓 𝑨𝟔 𝑨𝟗 𝑨𝟏𝟎 𝑨𝟏𝟏 𝑨𝟏𝟑 𝑨𝟏𝟒 

1 0 0 0 0 0 1 

 

11 1 0 0 0 0 0 0 0 0 

2 0 0 1 0 0 0 

 

12 0 1 0 0 0 0 0 0 0 

3 0 0 1 0 1 1 

 

13 0 1 1 0 0 0 0 0 0 

4 0 0 0 1 0 0 

 

14 0 0 0 1 0 0 0 0 0 

5 0 0 1 1 0 0 

 

15 0 1 1 1 0 0 0 0 0 

6 1 0 0 0 0 0 

 

16 0 1 0 1 0 0 0 0 0 

7 1 0 0 1 0 0 

 

17 0 0 0 0 1 1 0 0 0 

8 0 1 1 1 0 0 

 

18 1 0 0 0 1 1 0 0 0 

9 1 0 0 0 1 0 

 

19 0 0 0 0 0 0 1 0 0 

10 0 1 0 0 0 0 

 

20 0 0 0 0 0 1 0 1 0 

   

3a 

    

21 0 0 0 0 0 1 0 0 1 

            3b      

  859 
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Table 4 860 

Demographic Characteristics  861 

Group n 
Age Range 

M ± 1 SD  
Sex Occupation Marital Status 

Nonclinical 134 26 3.40 19-67 
F: 100 

M: 34 

Student: 125 

Working student: 7 

Employed: 1 

Retired: 1 

Single: 130 

Married: 3 

Divorced: 1 

Clinical 

 
38 42 7.35 24-67 

F: 10 

M: 28 

Student: 1 

Unemployed: 30 

Employed: 6 

Retired: 1 

Single: 24 

Married: 14 

 

Diagnosis: 

SCH 
25 44.5 13 24-67 

F: 5 

M: 20 

Student: 1 

Unemployed: 22 

Employed: 1 

Retired: 1 

Single: 18 

Married: 7 

 

Diagnosis: 

MDD 
5 51 6.5 46-63 

F: 3 

M: 2 

Unemployed: 2 

Employed: 3 

 

Single: 1 

Married: 4 

 

Diagnosis: 

BD 
8 36 6.5 27-45 

F: 2 

M: 6 

Unemployed: 6 

Employed: 2 

 

Single: 5 

Married: 3 

 

 862 

Note. SCH = schizophrenia; MDD = major depressive disorder; BD = bipolar disorder. Descriptors of the clinical group are 863 
further split across diagnoses. 864 
 865 
  866 
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Table 5 867 

Model Fit Indexes for Movement and ProsInt Structures  868 

 869 

 870  

 871 

 872 

 873 

Table 6 874 

Error Parameter Estimates for Movement and ProsInt Structure Items 875 

 876 

Movement 

 

ProsInt 

Item β η 

 

Item β η 

1 .1 .01 

 

10 <.001 <.001 

2 <.001 <.001 

 

11 <.001 <.001 

3 .1 .01 

 

12 <.001 <.001 

4 <.001 <.001 

 

13 <.001 .052  

5 .133 <.001 

 

14 <.001 <.001 

6 <.001 .068 

 

15 .273 <.001 

7 .076 <.001 

 

16 <.001 <.001 

8 .364  <.001 

 

17 <.001 <.001 

9 <.001 <.001 

 

18 .1  .01  

10 0.0001 0.0001 

 

19 .1 .01 

    

20 .1 .01 

Note. β = false negative; η = false positive. 877 

Structure 𝜒2   df Bootstrap p 

Movement  43.44 454 .06 

ProsInt 23.10 1846 .11 
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 878 

Table 7 879 

Number of Suggested Items in Nonadaptive and Adaptive Versions of Observational Tool  880 

 881 

Efficiency 

Structure Instrument 𝒏  N 

Movement Nonadaptive 9 135 

Movement Adaptive 5.10 76.50 

ProsInt Nonadaptive 11 165 

ProsInt Adaptive 7.08 106.20 

Note. 𝑛 = mean number of suggested items per sample; 𝑁 = mean number of suggested items across 15 observation 882 
samples. 883 
 884 
 885 
Table 8 886 

Accuracy of BDO Algorithm  887 

  888 

 

Accuracy 

Structure Δ  d = 0*  d = 1**  

Movement 0.05 55 3 

ProsInt 0.05 55 3 

Note. Δ = average symmetric distance between original and simulated modal response patterns.  889 
*Number of modal simulated patterns at distance 0 from original. 890 
**Number of simulated modal patterns at distance 1 from original. 891 
  892 
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Table 9 893 

Accuracy and Efficiency of BDO Adaptive Tool, Real Raters  894 

 895 

Rater  Mean ICC  95% CI 
Nonadaptive 

Minutes* 

Adaptive 

Minutes 
Difference 

R1 .87 .60, .92 17.30 (2.37) 12.55 (3.31) 4.55 (3.28) 

R2 .83  .60, .92 17.09 (3.04) 10.46 (3.04) 6.55 (2.32) 

R3 .85  .49, .89 32.36 (4.18) 24.05 (3.16) 8.07 (3.01) 

R4 .75 .44, .88 32.28 (5.16) 24.20 (2.36) 7.43 (6.33) 

Note. Ms and CIs of ICCs across 10 patients for each rater.  896 
*In the last three columns, the average (± SD) amount of time required for the completion of the nonadaptive and adaptive 897 
forms are reported, together with their average (± SD) differences among the 10 patients. 898 
 899 

 900 


