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When quantitatively measuring how humans experience the cooperation with intelligent systems, validated instruments grounded in

established fields such as human-automation interaction research are needed. We derived Subjective Information Processing Awareness

(SIPA) from core conceptions of Situation Awareness. SIPA describes to what extent interacting with an intelligent system enables

users to experience 1) Transparency 2) Understandability and 3) Predictability of the system’s information processing. The SIPA

concept was operationalized as a 6-item scale. The goal of the present research was to examine the psychometric characteristics of the

SIPA scale as well as the internal structure based on three samples from independent experiments with N = 162 participants. The SIPA

scale showed possible applicability both as (a) a three-facet scale (three highly correlated facets) and (b) a one-dimensional scale as

well as high reliability. Construct validity with related constructs such as explanation satisfaction or trust was expectedly high. Based

on the results, the SIPA scale appears to be a promising tool for research on cooperative AI systems. We discuss what role SIPA and

different effects of explanations on experienced traceability may have for future studies of, e.g., Human-AI teams.
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1 INTRODUCTION

Quantifying the experience of users cooperating with intelligent systems is a challenging task and many different

instruments emerge to support XAI research [41]. Empirically validated tools are crucial in order to 1) research

explainable artificial intelligence (XAI) as well as 2) improve transparency for users of, e.g., machine learning models

[10]. While tackling the disadvantages of opaque systems, many approaches aim to improve conditions for joint human-

AI activity [23] by providing, e.g., visual explanations of the system’s information processing [5]. In joint human-AI

activity, at least one human and an autonomous system work together to complete a task [29] and explanations may

help to enable, e.g., trust in the AI partner (cf. [40]). However, various studies [2, 11, 36] show that enriching the

interaction with explanations can result in undesirable effects, e.g., complacency [31] or information overload, thus

inhibiting the performance of human-AI cooperation. In particular, explanations that convince rather than provide

helpful information for interpreting results are a potential hazard of AI systems [3].
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According to [23], successful cooperation between humans and machines requires 1) the goal to cooperate, 2) a

common ground on which they operate, 3) mutual predictability, and 4) mutual directability. [7] extend this requirement

by adding that cooperation needs collegiality that changes, e.g., in the objectives of one partner can be actively registered

and included by the other partner. Since the actual effect of explanations on, e.g., the predictability of a system may differ

from the perceived effect [1], the conditions for cooperation should be examined with both performance and experience

measures. For this purpose, concepts from the field of human-automation research and engineering psychology can

form the theoretical basis for appropriate measurement methods.

Situation Awareness (SA) [14] as a central concept is immensely associated with automation (cf. [30]) in human

factors research. SA assumes three different levels of awareness to be relevant in a dynamic situation: through 1)

perception of relevant stimuli and the subsequent 2) understanding of the underlying contexts, the 3) prediction of

how the situation will develop is made possible. Based on these levels, we derive Subjective Information Processing

Awareness (SIPA) [35], which can be defined as the experience of being enabled by a system to 1) perceive, 2) understand

and, 3) predict its information processing. We assume that for a user to experience cooperation the different facets of

SIPA must be addressed: a common ground (cf. [23]) requires, for example, that both partners have access to relevant

input variables. Another core concept of SA projection is enabled by predictability, which is a central criterion for

cooperativeness and SIPA. To allow for an assessment of SIPA experienced by users after interacting with an intelligent

system, a highly economic scale was developed [35].

The objective of the present work was to examine the dimensionality and validity of the SIPA scale in the context

of three different samples (S1 - S3). To this end, SIPA data from independent experiments conducted in two different

contexts (Automated Insulin Therapy and EcoCharging) was analysed.

2 COOPERATION OF HUMAN-AI TEAMS AND SUBJECTIVE INFORMATION AWARENESS

A theoretical approach to describe the development of awareness for information processing when cooperating with

intelligent systems (or automation in general) may be derived from SA. Based on SA, [4] establish the concept of

situation models, which - related to information processing - could be interpreted similarly to mental models. The latter

is repeatedly discussed in the field of human-AI cooperation [34]. The development of situation awareness, which is

shown by [17] in the presentation of SA, can be transferred to information processing and can be supported by system

design (cf. also [16]). In the first step, (SIPA-1) transparency of the system enables users to (SA-1) perceive relevant

information of information processing. In the second step, the (SIPA-2) understandability of a system leads to a correct

(SA-2) understanding of the system’s information processing. Mental models, which are important for understanding

in Human-AI Interaction [25], describe the possibility to perform mental manipulations, which, accordingly, could

be achieved via different interaction possibilities with the system (see also [33], [26] on counterfactual explanations).

Finally, systems that exhibit high (SIPA-3) predictability allow for (SA-3) projection of future processing to be captured

as a function of the given information.

While objective measurement methods for capturing SA (see [15]) may be applied to the use of intelligent automation

in collaborative scenarios, fewer such methods exist for experienced SA (for example, SART [37]). However, the matching

of objective and subjective metrics of interaction is important in order to detect, e.g., placebic explanations (as described

in [11]) or even dark patterns [8]. To develop a scale able to measure SIPA as a subjective awareness construct, 12 items

were first generated based on existing literature on SA. These were tested in a study with two different systems [35]

and each item was examined with regard to item difficulty and dispersion. In combination with qualitative comments,

the scale was condensed to 6 items. The items of the scale were developed in parallel for German and English language.
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The English SIPA scale is shown in Table 1. The SIPA scale consists of six items and uses a 6-point Likert scale. When

entering participants’ responses in a data file for the analysis, the responses are coded as follows: completely disagree =

1, largely disagree = 2, slightly disagree = 3, slightly agree = 4, largely agree = 5, completely agree = 6. Finally, a mean

score is computed over all six items to obtain a person’s SIPA score (i.e., 1.0-6.0). There is the option to calculate the

mean value individually for transparency (T-1 & T-2), understandability (U-1 & U-2) and predictability (P-1 & P-2).

Whether the mean value should be calculated for all items or for the facets depends on the research question that is to

be investigated.

Table 1. All Items of the Subjective Information processing (SIPA) Scale and the corresponding instruction

The following questionnaire deals with your experience in the interaction with the system.
Information refers to all data that the system can work with. Result refers to the output of the

system, which is presented at the end of the system’s information processing

Please indicate the degree to which you agree/disagree

with the following statements
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T-1 It was transparent to me which information was col-

lected by the system.

T-2 The information that the system could acquire was ob-

servable for me.

U-1 It was understandable to me how the collected informa-

tion led to the result.

U-2 The system’s information processing was comprehensi-

ble to me.

P-1 With the information accessible for me, the results was

foreseeable for me.

P-2 The system’s information processing was predictable

for me.

3 EMPIRICAL APPLICATIONS OF SIPA IN HUMAN-AI COOPERATION

We examined the dimensionality, reliability and validity of the SIPA scale in the context of three different samples (S1 -

S3): in S1 the scale was used in the context of EcoCharging; S2 examined SIPA of participants with diabetes mellitus

type 1 (DMT1) attempting to trace an algorithm for automated insulin delivery; and S3 evaluated SIPA after observation

and interaction with a simulation of an automated insulin delivery (AID) system. Fig 1 depicts an example of one of the

stimuli shown to participants in S2. The representations of the other experiments were analogous.

In the first sample (S1) participants were shown estimates of eco-friendliness in form of tokens for different bookings

of electrical cars with different levels of information disclosure, providing details about data that was used by an

EcoCharging algorithm to calculate these prices (often labelled as Smart charging or intelligent charging [19]). The

instructed task was to try to trace how the algorithm calculated the number of tokens. In five similar observation blocks

with 10 stimuli each, users had to observe and draw conclusions about the underlying algorithm. After each block SIPA

and trust (using the FOST Scale [38]) were measured.
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Fig. 1. Stimuli from the diabetes-related experiment (S2) as they were shown to participants.

The experiment for S2 was constructed similarly. Here, participants had to observe the calculations for insulin

requirement of an automated insulin delivery algorithm. Hence, only people with DMT1 participated in the experiment.

Users saw four similar blocks of 15 stimuli each, and were asked to observe and draw conclusions about the underlying

algorithm. After each block SIPA and trust (using the FOST Scale [38]) were measured. Finally, the automated insulin

delivery simulation used to create scenarios for S2 was transformed into an interactive simulator for S3.

Participants were also asked to complete the Explanation Satisfaction Scale (ESS) in S1 and S2 [20] to explore the

scale’s construct validity. Additionally, to subjective measures regarding experienced interaction, participants’ Affinity

for Technology Interaction (ATI) was assessed [18].

For the purpose of the following analyses only the values from the last time the participants filled out the SIPA

questionnaire for each experiment are used. This refers to the fifth observation in S1, the fourth in S2 and the first in S3.

S3 was analysed separately due to its different structure and experimental design.

Table 2. Descriptive Data of S1-S3.

Sample n Mean Age (SD) Gender (f:m:d)
S1 60 24.1 (9.26) 43:15:2

S2 70 28.9 (10.5) 49:20:1

S3 32 32.3.1 (11.1) not reported

Table 3. Component loadings.

Component

1 2 3 Uniqueness

SIPA T-1 .91 .06

SIPA T-2 .99 .05

SIPA U-1 .82 .03

SIPA U-2 .96 .03

SIPA P-1 .99 .03

SIPA P-2 .83 .04

Note. ’promax’ rotation was used.

Loadings <.3 are hidden

4 RESULTS

The sample sizes of S1-S3 were nS1 = 60, nS2 = 70 and nS3 = 32 participants. Age and gender were similarly distributed

among the different samples as shown in Table 2. In all samples multiple SIPA measures were obtained. Since not all
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variables showed normal distribution and linearity, Spearman’s Rho was calculated for correlations and is depicted as

rS; p-values for all test families (i.e., for each type of analysis) were corrected using the Bonferroni-Holm method [21].

4.1 Dimensionality

According to the dimensions of SA we assumed three correlated factors: transparency (T-1 and T-2), understandability

(U1- and U-2) and predictability (P-1 and P-2). To verify this assumption we carried out a confirmatory factor analyses

with the program jamovi [22]. We compared a one-factor model (χ
2
= 193, p < .001, RSME = .396, (90% CI: .348, .446),

CFI = .798, TLI = .663, SRMR = .076) with a three-factor model (χ
2
= 8.24, p = .221, RSME = .054, (90% CI: .000, .143), CFI

= .998, TLI = .994, SRMR = .010). The resulting model with factors transparency, understandability and predictability

had an overall better model fit than the model that assumed a one factor solution. Additionally, a principal component

analysis with three forced factor was conducted, to estimate each items’ contribution to the different facets. Table 3

shows the factor loadings resulting from a principle component analysis with three components as well as each item’s

uniqueness, which represents the variance that is ’unique’ to the variable and not shared with other variables. All in all,

the assumption of three latent facets in SIPA similar to the levels from SA can be supported.

The facets transparency, understandability and predictability weren’t independent of each other. Transparency

correlated moderately and significantly with understandability in all three samples (S1: rS = .58, p < .001, S2: rS = .69; p

< .001, S3: rS = .42, p = .017). However, the correlation of predictability and transparency only reached significance in

S1 (rS = .50; p = .004) and S2 (rS = .67; p < .001) but not in S3 (rS = .35; p = .053). Predictability and understandability

correlated strongly with each other and reached significance in all three samples (S1: rS = .86, p < .001, S2: rS = .84; p <

.001, S3: rS = .75, p < .001).

4.2 Reliability

McDonald’s omega (ω) is used to assess reliability in addition to Cronbach’s α, since the latter is not well-suited for short

scales [9]. Internal consistency of the entire scale was high in all three samples (S1: McDonald’s ω = .93, Cronbach’s α

=.92; S2: McDonald’s ω = .94, Cronbach’s α = .90; S3: McDonald’s ω = .86 Cronbach’s α = .84). Since the facets only

consisted of two items each, the Spearman-Brown coefficient was used to assess their reliability [13]. The items of the

transparency facet showed moderate to high consistency in all three samples (S1: R = .64, S2: R = .74, S3: R = .54). The

U-1 and U-2 that form the understandability facet showed high consistency in all three samples (S1: R = .91, S2: R = .83,

S3: R = .76). The items of the predictability facet all showed high consistency in all three samples (S1: R = .92, S2: R =

.81, S3: R = .93).

4.3 Construct Validity

To evaluate the construct validity of the scale we examined correlations with other related questionnaires in the three

samples. In all three samples the total SIPA score correlated moderately to strongly with trust (S1: rS = .84, p = .002, S2:

r = .86; p = .001, S3: rS = .55, p = .016). All sub-scales of SIPA also correlated significantly with FOST in S1 (transparency:

rS = .47; p = .028/ understandability: rS = .85; p = .001/ predictability: rS = .75; p = .000) and in S2 (transparency: rS = .65;

p = .018/ understandability: rS = .84; p = .002/ predictability: rS = .79; p = .003). However, in S3 only understandability

(rS = .58; p = .021) and predictability (rS = .55; p = .023) but not transparency (rS = .14; p = .433) reached significance.

In contrast, all correlations between affinity for technology and SIPA (total or as facets) were not significant (all p >

.050). The explanation satisfaction scale was only completed by participants in S1 and S2. Therefore, we calculated

the correlations of the ESS and the SIPA only in these samples. The total SIPA score as well as understandability and
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predictability correlated moderately with the ESS in S1 (Total SIPA: rS = .55, p = .018; understandability: rS = .55; p =

.023; predictability: rS = .79; p = .009). However, the correlation with transparency did not reach significance (rS = .31; p

= .121) The total scale as well as all facets correlated moderately to strongly with the ESS in S2 (Total Score: rS = .70, p =

.008; transparency: rS = .57; p = .020/ understandability: rS = .67; p = .013; predictability: rS = .66; p = .013).

Table 4. Descriptive Data

M SD Kolmogorov-Smirnov Test

S1 S2 S3 S1 S2 S3 S1 S2 S3

SIPA T-1 4.08 4.64 4.00 1.21 1.19 1.39 p = .005* p <.001* p = .211

SIPA T-2 3.88 4.67 4.31 1.25 1.24 1.20 p = .006* p <.001* p = .061

SIPA U-1 3.07 3.90 3.09 1.23 1.40 1.40 p = .050* p = .001* p = .036*

SIPA U-2 2.88 3.86 2.94 1.25 1.44 1.39 p = .117 p = .031* p = .006*

SIPA P-1 2.95 3.66 2.81 1.21 1.38 1.33 p = .105 p = .036* p = .009*

SIPA P-2 2.72 3.56 2.78 1.21 1.40 1.21 p = .049* p = .040* p = .004*

Additionally, we carried out item analyses in all three samples. Table 4 shows mean, standard deviation, as well the

p-value of the Kolmogorow-Smirnow-Test, which was used to check the distribution of the items. Mostly the test was

significant indicating that the items are not normally distributed.

To assess whether SIPA is able to discriminate across different user experiences of human-AI interaction, item

difficulty and item discrimination values (according to [27]) were calculated (see Table 5). Values of item difficulty

ranged on average from 46.7% (SIPA P-2) to 71.9% (SIPA T-2). These are satisfactory results given that moderate item

difficulties (i.e., 50%) can differentiate best between participants with high and low SIPA after an interaction ([27]).

However, items of the transparency facet (SIPA T-1 & T-2) need to be monitored, since they reached high values in

S2 (i.e. many participants rated the item high). Values of item discrimination (i.e., part-whole corrected item-total

correlations) ranged on average from = .60 (SIPA T-2) to .85 (SIPA U-2). These results indicate good item discrimination

[27]. However, item discrimination is quite high for SIPA U-1, U-2, P-1 and P-2, which means that there may be room to

reduce the number of items in the future. In sum, the SIPA items are able to differentiate between high- and low-SIPA

participants, allowing them to be used in human-AI interaction studies with various designs or explanations to be

tested.

Table 5. Item Analysis Results

Item difficulty Item discrimination

S1 S2 S3 M S1 S2 S3 M
SIPA T-1 68.3 71.9 66.7 69.0 .70 .85 .52 .69

SIPA T-2 65.8 74.3 71.9 70.7 .73 .76 .32 .60

SIPA U-1 55.3 58.8 51.6 55.2 .90 .90 .64 .81

SIPA U-2 52.2 58.3 49.0 53.2 .84 .87 .83 .85

SIPA P-1 50.3 55.0 46.9 50.7 .82 .84 .77 .81

SIPA P-2 46.7 53.3 46.4 48.8 .82 .86 .76 .81
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5 DISCUSSION

The aim of the present work was to assess the quality of the SIPA scale, which measures users’ experience of interacting

with intelligent automation, e.g., in human-AI cooperation. Overall, the scale showed very good construct validity as

correlations with existing measures of human-technology interaction, such as those used to assess satisfaction with

explanations and trust, were expectedly high. On top of a high internal reliability, the empirical results allow
conclusions about three highly correlated SIPA facets, which can be based on the scale’s theoretical foundation.

The application of the SIPA scale supports research of explanations in intelligent automation and is suitable for

use, for example, to address the following research issues empirically.

5.1 Use SIPA to evaluate different explanation approaches

[24] compared different explanatory methods (e.g., Lime, SHAPE, and CUI) and found that they have different effects

on experienced transparency, understandability, or satisfaction. Overall, several studies indicate a close connection

between the function of an explanation and the situation in which it is given, e.g., [5]. However, the results of the

present study indicate that diverging effects of explanations on experience could affect different facets of SIPA. SIPA can

be used to evaluate explanations’ effect of experienced traceability in more detail in different contexts (e.g, EcoCharing

or AI-based diagnosis).

5.2 Use SIPA to evaluate the relationship between experienced traceability and performance

[3] report that explanations in a machine learning context increase the chance that an incorrect output result of a

model will be incorrectly accepted by the user. One reason may be that explanations do not add objective value to the

traceability, but rather function as a placebo [12], possibly because they are improperly processed due to insufficient

resources, like workload [32]. Placebic explanations may, in the worst case, even be consciously intended to mask the

low performance of a system, i.e., of dark patterns [8]. Low levels of trust are not necessarily equal to poor traceability

of the system. For example, in case of a system users consider inadequate for a specific task, an increasing SIPA value

may enable a decrease in trust. In addition to objective measures, the use of the SIPA scale is suitable for identifying

explanations that give users a valid feeling of better traceability. For example, if only the trust value is observed, one

could conclude that a particular explanation weakens or even changes the relationship between performance (e.g., a

prediction) and users’ experience. SIPA thus represents an important complement to, e.g., performance measures in

human-AI cooperation. Further studies need to examine the relationship between SIPA and trust or the perception of

cooperation (e.g., whether SIPA poses a prerequisite for trust as perceived predictability may be a central criterion for

trust).

5.3 Use SIPA to evaluate the effect of interactions on experienced traceability

Several studies report a positive effect of interactive explanations on comprehensibility and user experience, e.g.,

simulations, which offer users the possibility to explore the functions of AI systems [6, 28]. That means, SIPA values

should show higher correlations with performance after an interactive exploration period than after an observation

period. In future studies, different explanatory approaches should be systematically examined for their effects on

objective and subjective interaction measures, i.e., collaborative performance or SIPA. For this purpose, a setup where

users can systematically vary which questions they ask to a system (e.g., "What if?" versus "Why not x?" as described
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in [39]), should be examined in more depth in the future. The SIPA scale, through its different facets, can help to shed

light on the effects of explanations while being based on theoretical foundations in Human Factors research.

6 CONCLUSION

The present work examined the SIPA scale in terms of dimensionality, reliability and validity. To this end, the results of

three independent experiments from the fields of Automated Insulin Delivery and EcoCharging were analysed. While

the scale overall demonstrated very good reliability and convergent validity, it also showed three highly correlated

facets that correspond to the theoretical levels from SA. Additionally, our findings indicate that it is advantageous to

use differentiated methodologies (e.g. SIPA as well as trust measures) for the examination of subjective experience in

human-AI cooperation in order to investigate the context- and task-dependent effects of, e.g., static and interactive

explanations in more depth.
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