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Galenic formulations are personalized medicines prepared by pharmacists in their laborato ries. They are 
produced in small batches considering single patients’ characteristics, such as age, gender, allergies, and the 
like, thus contributing to responsible health. The production process is performed manually with the support 
of mechanic machines. This activity is time-consuming, prone to errors, and subject to quality variations. In 

this paper, we propose the integration of collaborative robots into the galenic formulation process to obtain 

several advantages, such as increased productivity, reduced variability, improved accuracy, and minimized 
risks associated with human error. Additionally, the use of robots can alleviate the physical burden on human 

operators, allowing them to focus on higher-level tasks that require critical thinking and decision-making. 
To achieve this goal, a software application, called PRAISE (Pharmaceutical Robotic and AI System for End 
users), has been developed; it is meant to support end users (i.e., pharmacists) in defining robot programs 
suitable to the case at hand. This application is conceived as an End-User Development (EUD) environment, 
which implements a hybrid interaction approach based on a natural language interface leveraging Large 
Language Models and a graphical interface to check and possibly revise the user-created robot programs. A 

user study carried out with nine pharmacists demonstrates the validity of the approach. 
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 Introduction 

ccording to Eurostat [ 17 ], the number of people in Europe over 65 years old will reach 129,8
illion by 2050, up from 90,5 million in 2019, with a median age that is projected to reach 48.2

ears, thus increasing by 4.5 years in about thirty years. 
Consequently, many more people than today will likely develop diseases and require medical

nd pharmacological treatments. On the one hand, the pharmaceutical sector is constantly grow-
ng [ 27 ], producing more and more types of medicines; on the other hand, there is a growing need
or medicines tailored to patients’ characteristics (e.g., gender, weight, allergies, etc.). Such person-
lized medicines include capsules, tablets, creams, and ointments produced at pharmacies, starting
rom the so-called galenic formulations that are prepared by pharmacists by mixing and blending
ifferent ingredients. These medicines can be produced at pharmacies in small batches, taking into
ccount the exact quantity required for the specific patient, thus contributing to limiting material
aste. In addition, the industrial production of limited quantities of medicines is often not prof-

table enough for the industry, and thus, some medicines may be very expensive or not produced
t all [ 47 ]. This phenomenon is evident in medicines devoted to rare diseases. In this way, the
roduction of galenic medicines contributes to responsible health. 
The preparation of galenic formulations is traditionally carried out manually by measuring,

eighing, and mixing various raw materials according to specific recipes. The process often occurs
n a cleanroom environment, in order to minimize the risk of contamination and ensure product
uality and safety [ 16 ]. However, some steps of such a manual process are highly repetitive and
equire a lot of time and physical effort; therefore, they can be perceived as tedious by human
orkers or can cause them strain and injury, especially if they must be performed for prolonged
eriods. Other steps, instead, require a high level of precision and attention to detail [ 52 ], thus
ecoming prone to human errors, such as incorrect measurements and cross-contamination. 
Current information technologies can be adopted to address the above problems. In this paper,

n line with recent advances [ 36 ], we propose the use of collaborative robots ( cobots , in the
ollowing) to assist pharmacists in performing the most repetitive, tiresome, and error-prone steps
f the galenic formulation preparation. 
Cobots are one-arm or dual-arm manipulators endowed with safety mechanisms that allow

hem to share the workspace with human operators without causing harm. Human-robot collabo-
ation may occur in the performance of tasks that require a combination of different competencies:
exibility, adaptability, and decision-making abilities on the human side, and accuracy, speed, and
epeatability on the robot side [ 49 ]. 

With this work we propose the integration of cobots in the galenic preparation process to obtain
 series of advantages fostering responsible computing in healthcare. Indeed, cobots can perform
asks that require a high level of precision and consistency, such as mixing and blending, in order
o obtain more homogeneous and uniform products [ 6 ]. Also, the placing of prepared capsules
nto given containers can be assigned to cobots to increase speed and efficiency [ 36 ]. In this way,
uman operators can focus on decision-making and value-added activities (e.g., recipe formulation
nd quality control). Consequently, the use of cobots can lead to improved product quality and
afety [ 22 ]. Finally, cobots may contribute to enhancing work ergonomics by reducing operators’
hysical strain [ 9 ]. 
The introduction of cobots in a work environment where human operators are not experts

ither in robotics or in programming requires, however, a suitable software system to support
hem in creating robot programs, that is, in defining the operations of the robot to accomplish
he assigned tasks. Such a software system can be characterized as an End-User Development

EUD) [ 32 , 41 ] environment, which provides features for creating, extending, modifying, and test-
ng a digital artifact [ 5 ], namely, a robot program in our case. In [ 7 ] and [ 19 ], we presented an EUD
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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nvironment characterized by an original interaction approach to programming pick-and-place
asks for a collaborative robot. This paper presents PRAISE (Pharmaceutical Robotic and

I System for End users) , an extended and specialized version of that system, suitable to the
pplication domain of the preparation of galenic formulations. To ensure that PRAISE addresses
he users’ needs in this domain, a human-centered approach has been adopted for its design and
evelopment. The functional and non-functional requirements emerged from the domain analysis
arried out with the participation of three pharmacists; they have been described in [ 20 ] along
ith the first mock-ups of the user interface. The present paper focuses on the description of the

ystem architecture and its interaction modalities; then, it illustrates the user study carried out
ith real users and the findings and open issues that emerged from the study. 

 Related Works 

.1 Collaborative Robots and their Programming 

utomation and robot technologies are more and more applied in the pharmaceutical sector [ 56 ].
articularly, collaborative robots are capable of working in a shared environment and interacting
afely with human workers. The use of a dual-arm collaborative robot to address the sample ma-
ipulation problem in a laboratory is proposed in [ 13 , 18 ]. Mathew and colleagues [ 36 ] investigate
he potential of collaborative mobile robots for the automation of the transportation and material
andling tasks performed in the production of personalized therapeutic drugs. It also highlights
 series of challenges related to the programming, commissioning, and operation of robots [ 36 ].
n particular, robot flexibility and adaptation to different laboratory tasks should be achieved by
roviding robot programming methods suitable to human operators who are not experts in pro-
ramming [ 2 ]. 

End-user robot programming introduces additional challenges with respect to traditional end-
ser programming and end-user development [ 5 , 41 ], since robot programs must refer to physical
bjects and locations, and guide the robot movement in an environment, possibly performing
pecific actions on the objects. Furthermore, end users may have different expertise, skills, back-
round, and knowledge of information technology. Thus, research about end-user robot program-
ing aims to find methods to empower users who are not experts in robotics and programming to

reate robot programs. These methods mainly refer to the programming-by-demonstration para-
igm and to the visual programming paradigm. The former consists of showing the robot how to
erform desired tasks by directly moving its arm(s) according to specific trajectories [ 4 , 34 , 55 ].
he latter includes visual programming languages based on flowcharts [ 3 ], hierarchical trees [ 42 ],
nd puzzle blocks [ 25 , 50 ]. To address the limitations of existing tools in terms of customizabil-
ty and integration into larger design frameworks, a visual programming environment has been
ecently presented in [ 44 ], which encompasses a configurable component library that allows sat-
sfying the requirements of different robotics applications. In [ 43 ], the authors describe Polaris,
n application that empowers users to express high-level robot objectives, while seamlessly in-
egrating automated program details through an off-the-shelf task planner. It then offers a plan
isualizer that provides users with insights into the planner output, thus allowing them to verify
lignment with their expectations about robot behavior. However, all these approaches are based
n technical notations that end users (human workers) should learn. 
Natural language interaction has recently been investigated as a paradigm for robot pro-

ramming more suitable to a general user population. For example, social robots are often
rogrammed by describing robot tasks textually or through vocal commands [ 11 ]. However, in the
anufacturing and industrial sectors, where collaborative robots are usually employed, natural

anguage programming is far from being widely deployed, due to the complexity and safety-critical
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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ssues of the robot tasks [ 49 ]. The approach to robot programming proposed in this paper is hybrid
n that it encompasses a combination of natural language interaction and block-based interaction.

ith respect to previous works in the literature, natural language interaction leverages Large

anguage Models (LLMs) and the system has been tested with real users (pharmacists in our
ase). 

.2 End-User Development through Large Language Models 

he use of LLMs to make EUD easier and more natural has been recently proposed in the field of
eb site development. In [ 24 ], a framework for generating web interface mock-ups from textual
escriptions is presented. Jiang et al. [ 28 ] present a tool to convert a natural language descrip-
ion of desired web interface components into HTML, Javascript, and CSS snippets. To overcome
ommon issues of LLMs, which may generate unneeded or incorrect content, the tool provides
nd users with controls to (1) see multiple output alternatives produced, (2) edit the model output,
nd (3) transition to external resources through a web search. The paper by Calò and De Russis
 12 ] takes a step further by proposing a novel approach to website creation, which adopts prompt
ngineering, by allowing end users to refine the output of LLMs through subsequent input in an it-
rative process. In this way, the users can have greater control over the generated web pages, even
hough the users must be familiar with website terminology to effectively communicate their de-
ign intentions to the LLM [ 12 ]. A similar idea is proposed in the field of robot programming: for
nstance, the tool described in [ 48 ] is based on OpenAI ChatGPT and assigns the user the role of
roviding feedback on the quality and safety of the code in Python or C++ generated by ChatGPT.
owever, in this case, the user must be able to understand the generated code and suggest proper

orrections, thus programming knowledge is needed. In [ 8 ], we started investigating how to over-
ome this problem by offering a graphic interface that visualizes the generated program in a more
ntuitive manner, combined with the possibility to modify the program with direct operation of its
raphic visualization. 
More recently, some attempts have been made to exploit LLMs in EUD for robot programming.

n [ 21 ], an architecture has been proposed for the creation of pick-and-place tasks with a hybrid
pproach. The prototype includes a natural language interface in which an LLM is used to recog-
ize the user’s intents. These data are then translated into a data structure that can be visualized
ia Google Blockly to verify the created robot task. This paper outlines the significant problem of
he non-determinism of LLMs and the necessity for non-technical users to check the final output.
n [ 29 ] a case related to a chemistry laboratory is presented. The interface includes a virtual envi-
onment with a 3D model of the robot and a chat panel. The LLM directly generates and presents
o the user the Python code required to execute the task on the robot. However, with this ap-
roach, the user needs programming knowledge to verify the correctness of the proposed Python
ode. Another use case is presented in [ 26 ], in which the objective is to support a cinematography
xpert in moving a robot that holds the camera to create specific framing. In this case, the LLM
as two purposes: firstly, to understand the user’s intent and then to transform the abstract user’s
oal (e.g., ”Create more suspense”) into elementary actions for the robot. In this case, more than
n the others, the robot actions generated by the LLM to achieve the user’s goal can result in be-
ng non-deterministic and difficult to assess by the user. Other potential applications of LLMs in
obotics can be found in the wide context of social robots [ 1 , 30 ]. Here, the LLMs are used mainly
or dialogue management to have a fluid and human-like conversation. 

In this paper, we present an EUD environment for collaborative robot programming in the phar-
aceutical field based on LLMs and block-based interaction, thus proposing a hybrid approach to

obot programming that allows end users to easily verify robot task correctness. 
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 1. The steps of galenic solution preparation. 
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 Domain and Task Analysis 

he design and development of PRAISE have been carried out following a Human-Centered De-

ign (HCD) approach [ 35 ]. Three pharmacists were interviewed at the early stages of the project to
ather their knowledge related to the galenic preparation process. One of them was then involved
hroughout the system prototyping activity to collect their feedback and integrate improvement
uggestions in the prototype under development. Finally, nine pharmacists participated in a user
tudy to test the validity of the proposed solution. 

During the domain and task analysis phase, pharmacists explained to us the most critical steps
f their work process, underlining in which steps automatic support could be useful and where
uman judgment must be kept in the process. They also provided us with technical documentation
nd videos that explained some important details of the galenic preparation process, such as the
andatory steps to ensure accuracy and efficiency [ 15 ] and the tools used during the process. Con-

idering the production of the galenic medicines in the capsule format, the main steps that compose
uch a process are shown in Figure 1 . Among them, together with the pharmacists, we identified
hree steps (evidenced in dark blue in the figure) that could be performed with the support of a
ollaborative robot: the Mixing and Dissolution step, the Packaging step, and the Storage step. 

.1 The Mixing and Dissolution Step 

he ingredients selected and weighted in the previous steps must be mixed and dissolved in the
hosen solvent(s). The goal of the Mixing and Dissolution step is achieving a uniform mixing and
fficient dissolution of the preparation to ensure consistent drug potency and therapeutic efficacy.
ifferent mixing techniques can be employed, such as stirring, shaking, or vortexing. If necessary,
eating or sonification may be used to aid the dissolution process. This is a manual process that
ay become very labor-intensive and time-consuming, especially when dealing with the produc-

ion of a large number of capsules or complex formulations. Human operators must pay attention
o precise mixing ratios, consistent particle size reduction, and optimal dissolution rates. Thus,
uman errors may occur, leading to batch-to-batch variability and quality issues. 
The use of a cobot in this step may offer significant advantages. It can precisely control the speed,

uration, and force applied during mixing, improving batch-to-batch consistency and guarantee-
ng preparation quality. A robot can work continuously without fatigue, thus performing mixing
nd dissolution processes on a larger scale than human operators, thereby enhancing productivity
nd relieving humans from strenuous activity. Finally, a cobot can deal with ingredients and excip-
ents that can be toxic or hazardous substances for human operators, thus minimizing occupational
ealth and safety concerns. 

.2 The Packaging Step 

he goal of the Packaging step is transferring the obtained galenic preparation into capsules. This
equires the proper handling of the galenic preparation to maintain stability, potency, and integrity
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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ver time. To carry out this activity, pharmacists use a special machine, called operculator or oper-
ulating machine or sealing machine . This is used to place half capsules in the cavities of a grid and
hen fill the bottom half of each capsule with the galenic preparation. The operculator is equipped
ith a capsule loading mechanism to place the bottom halves in the correct orientation for filling

nd sealing. Different types of grids may be used according to the shape, size, and quantity of the
apsules to be produced. When the bottom halves of the capsules have been placed in the chosen
rid, the human operator will pour over the bowl containing the preparation to fill the capsules.
hen, the operculator is used to align the top halves with the bottom halves of the capsules, and
ventually seal the capsules securely with controlled compression. The sealed capsules can then
e collected from the operculator for further processing, inspection, or storage. 
A cobot can handle the transfer of the galenic preparation into the capsules with precise and con-

istent movements, minimizing the risk of spillage and cross-contamination. Furthermore, proper
nd equal quantities of the galenic preparation can be dispensed into capsules, ensuring unifor-
ity and reliability. If equipped with mechanisms for aseptic handling, a cobot can also guarantee

ygiene and sterility to maintain product integrity. 

.3 The Storage Step 

he Storage step consists of transferring the sealed capsules from the operculator into suitable
ontainers (e.g., plastic or glass bottles) for delivery to the customer. This is a trivial and repetitive
ask for the pharmacist, which requires a huge amount of time with very low added value. It can
asily be performed by a cobot through the execution of a pick-and-place activity. This would
mprove the overall efficiency of the process and enhance the ergonomics of the work. 

 The EUD Environment 

n this section, we will first describe the more technical part of the developed prototype and then
ove on to the user interface and the user workflow. 

.1 Architecture 

RAISE is a web-based application leveraging the client-server paradigm. It comprises a front-end
n JavaScript/Typescript React, a back-end in Python Django, and a SQLite database. The architec-
ure and the system operation are illustrated in Figure 2 . 

The creation of a new robot program, specifically a galenic preparation, stems from the initial
nteraction with the Chat (Step 1) . The user’s requests made through the chat are directed to an
dapter that utilizes LLM API to interpret the user’s requests (Step 2) . This module provides the
LM with the user’s request alongside instructions and constraints to ensure correct interpretation
f the task at hand (Step 3) . Upon defining the program and concluding the interaction with the
hat, a JSON representation of the program is generated (Step 4) . Then, using parsing functions

Step 5) , the program is visualized in a graphic format (Step 6) . A review of the program can then
e carried out (Step 7) interacting with the Graphic interface, followed by confirmation or mod-
fication of the proposed solution (Step 8) . After completing this step, the program will be saved
gain as a JSON file (Step 9 ). Advanced users of the application can start defining a new prepa-
ation by using the Graphic interface directly. This guarantees a faster execution, yet it requires
ore cognitive effort than using the Chat. 

.2 LLM Selection and Setting 

fter the analysis of different LLM-based tools, like LLM Llama2 [ 37 , 46 ] by Meta, Bard by
oogle [ 23 ], and OpenAI ChatGPT (Chat Generative Pre-trained Transformer) , we decided

o exploit the third one in PRAISE, since at the moment, it is considered the most powerful
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 2. The prototype architecture. 
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ool for text comprehension [ 33 ]. In addition, the APIs offered by ChatGPT facilitate easy and
ailored integration in custom applications. We used the gpt-3.5-turbo model, which is available
or a free trial. This may imply certain limitations in terms of latency speeds and call frequency.
onetheless, these constraints did not impede our testing as the free functionalities were adequate

o our project’s requirements. 
The message exchange with ChatGPT involves three roles: the User , the Assistant , and the Sys-

em [ 40 ]. The User , representing the individual or entity interacting with the model, carries on
he conversation by providing input prompts. These prompts can encompass queries, requests,
r any form of textual input. The Assistant , embodying the ChatGPT model, interprets the User ’s
nput, comprehends the conversation context, and generates coherent and contextually relevant
esponses. The System includes the infrastructure, API endpoints, and additional components pro-
ided by OpenAI service. Developers are responsible for managing the System role, overseeing
asks such as API integration, error handling, and conversation context management through
rompt engineering . 

Prompt engineering is currently regarded as a relevant topic, but some aspects are still not well
nderstood. Efforts have been made to develop specific patterns that enhance the models’ com-
rehension of prompts [ 51 ]. However, the final result still heavily relies on empirical experience.
ome of these patterns include starting with an explanation of the context, to clarify the applica-
ion domain the LLM should belong to. Then, instructions for goal achievement must be described
sing short and specific sentences to facilitate model understanding. 
In the frame of our project, the chat-based interface integrating ChatGPT serves the purpose

f guiding the user towards programming the robot tasks for galenic preparation. To tailor the
ehavior of ChatGPT to our specific requirements, instructions are provided before the actual
eginning of the conversation with the user. In particular, the Adapter we developed is responsible
or handling the calls to the ChatGPT’s APIs and instructing, via the System role, the model on the
ontext and goal. Information about the context is given to the model through the sentence in
atural language: “The user is a pharmacist and he/she needs to create a task for a cobot to help
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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im/her prepare galenic formulations”. As to the goal, the Adapter provides instructions to specify
hat the cobot task must be composed of three steps: mixing, packaging, and storage (e.g., “To
efine a task, the user has to specify three steps: mixing, packaging and storage”). Then, for each
tep, a list of required parameters and their possible values are described using a sequence of
rief sentences to enable the model to recognize and interpret the details of each step. We found
hat clear punctuation was also crucial in achieving the desired results, as well as the order and
osition of sentences within the entire prompt. Several attempts have been made to determine the
ight syntax and level of detail required to reach a correct understanding of our instructions. 

In addition to the instructions concerning the context and goal of the model, the JSON data for-
at expected as the output of the model is included in the request. This specification is described

oth in natural language and in a prescribed format to obtain a correct and complete JSON doc-
ment. The desired output is formally defined passing to the Chat completions API of ChatGPT a
unction that expects as a parameter a representation of our JSON format. In this way, the API will
eply with a JSON object compliant with the expected format. 

Finally, the temperature parameter of the model must be set. This parameter ranges from 0 to 1,
nd is crucial to control the level of randomness of the generated text. Indeed, temperature has an
mpact on the probability of the potential tokens at each stage of the generation process. Increasing
he temperature to 0.7 generates an output that is more diverse and creative while lowering it to
.3 produces a more predictable and focused output. Setting the temperature to 0 would mean that
he model would always select the most probable token, resulting in its complete determinism.
 temperature of 0.2 was selected in our case, to obtain a suitable balance between deterministic

easoning and human-like behavior. 
The ChatGPT’s API receives the parameters from the Adapter module at every user interaction,

ncluding model, temperature, output function, and chat log. The chat log is, in turn, composed
f the user message and all the instructions previously described; it is important for retaining
emory of all the information already exchanged during the conversation. 

.3 User Interface 

he Homepage of PRAISE presents itself as composed of two main areas (see Figure 3 ): on the left
ide, there is a collapsible menu with links to all the pages of the application that allow the user to
anage existing preparations, and defining the domain concepts; whilst, in the central stage, the

extual content invites the user to start defining a galenic preparation and two boxes describe the
wo possible interaction modalities to perform such a task, namely Chat or Graphic. 

The user can thus select one of these boxes to access the chat and graphic interfaces supporting
he creation of robot tasks. At this time, the user can also define new domain concepts, but a more
inear user journey foresees the definition of the domain concepts before preparation definition.
his phase can also be carried out by other users, who may set the domain concepts as shared in

heir community, or by an administrator or superuser. 
As an instance of the robot task definition workflow, useful as a running example for presenting

he user interface in detail, let us introduce an interaction scenario: 
A pharmacist wants to set up a new galenic preparation to prepare a blood pressure medication

ithout a particular excipient present in similar medications on the market to which the patient is
llergic. Before defining this preparation, the pharmacist decides to define three new domain items
hat will be used in the preparation: a new shaking action to mix the ingredients, a new operculator
rid having 10 rows and 10 columns to place the void capsules, and a new container (a tin) where
o place the filled capsules for delivery to the patient. Then, during the interaction with the chat for
he preparation definition, the pharmacist changes their mind and decides to use a new smaller grid
aving 6 rows and 6 columns instead of that previously defined and available in the relevant library.
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 3. The homepage of PRAISE. 
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imilarly, when the pharmacist visualizes the defined preparation in the graphic interface, they decide
o change the selected container and use a new one (a pulvis), adding it to the corresponding library. 

4.3.1 Domain Definition. To define the domain concepts before preparation definition, the user
ust select one of the links Actions , Grids , and Containers in the left side menu. In fact, the links

llow the user to reach the pages that list the already created mixing actions, operculator grids,
nd containers, respectively, and permit them to define a new action, grid, or container. 

Figure 4 shows the details of the Action that the user is defining for the Mixing step. A mixing
ction is characterized by its Name , the Shared attribute, to give other users the possibility to use
he action in their preparation, and some optional Keywords . The latter will be used as synonyms to
efer to the same object while interacting with the chat; this feature aims to make the application
ven more user-centered by giving the possibility to customize the individual user dictionary and
hus provide a tailored interaction. Then, technical data must be provided including the action
uration expressed as a number of seconds ( Time box) or as a loop until the arrival of the user’s
ignal ( Loop checkbox), the action speed (set through the Speed slider), the movement definition
to be selected as a pattern among those available in the Pattern drop-down list), and finally the
ool the robot must use to perform the action (to be selected with the Tool drop-down list). Other
echnical data to be provided for a mixing action are strictly related to the robot operation, like the
obot itself (to be selected with the Robot drop-down list), and the Height at which it must perform
he action; the latter can be acquired using the teaching feature of the robot, which consists of
anually moving the arm until the desired position and register it ( Get height feature). In a similar
ay, the user can define a customized pattern for the mixing action by acquiring a list of Points . 
Figure 5 shows the details of the operculator Grid to be defined for the Packaging step. In this

ase, the user must define the number of Columns and Rows of the grid, and capture a photo through
he robot camera ( Get photo feature), which will be processed by image recognition algorithms
o automatically identify the external shape of the grid and the slots where the capsules will be
nserted during the packaging step. 

The last type of domain item to be defined, useful for the Storage step, is the Container . In this
ase, the characterizing parameter is the Position that the robot must reach to fill the container
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 4. The action detail. 
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ith capsules. It can be a fixed point acquired through robot teaching or a shape obtained after
rocessing the container photos captured through the robot camera. 
All the actions, grids, and containers defined by a logged user (or shared by other users) can be

ccessed from the left-side menu available on each page of the application and are presented as
 list in the central stage of the page. Similarly, when the user selects Preparations in the menu,
he already defined preparations are presented in a list. Here, the user can select one of them for
reparation execution or for creating a new preparation by simply re-using the data of an existing
reparation, possibly changing its parameters. 

4.3.2 Defining Preparations. As previously explained, the user can define a galenic preparation
y interacting in natural language with a chat-based interface. As one may observe in Figure 6 , the
ystem starts the conversation by suggesting what the user must say to instantiate the preparation
teps. Textual messages are exchanged with the Adapter module, which in turn interacts with the
LP engine. The conversation may also occur by talking and listening to the answers. 
In the example shown in Figure 7 , the pharmacist has decided to use the action shaking pre-

iously defined. For the grid, instead of the big_grid item, the user has decided to use a smaller
rid with 6 columns and 6 rows. For the latter, the user has indicated the name medium_grid , the
umber of rows and columns, and has given a command to take a photo of the grid. On the right
f the chat, a live report on the preparation in progress and some useful information are provided.
When the preparation definition is completed with the specification of the container for the

torage step (a tin, in our scenario), the chat provides a summary of the defined preparation.
his gives a first opportunity to the user to control the correctness of LLM’s output and possibly
equire a modification. Then, the system redirects the user to the graphic interface (Figure 8 )
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 5. The grid detail. 
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here the user can check the correctness of the preparation and possibly modify it through a
ifferent interaction style. In this way, potential biases or errors in the LLM’s output are subject
o a double-check and the user can have full control of the robot task definition. 

In the graphic interface, a preparation is represented by three main central blocks that corre-
pond to the Mixing , Packaging , and Storage steps. The action, grid, and container appearing in
he blocks can be modified by selecting from a drop-down list another element available in the
espective libraries. For the Action and the Grid , a panel with details can also be opened on user
election as shown in Figure 8 . These details can be modified for the current preparation without
hanging the underlying library data. At this stage, the user can also create a new action, grid,
r container by writing a new name and clicking on the Add button that will appear when the
ame is not found. According to our scenario, the pharmacist decides at this point to change the
ontainer previously selected for the Storage step and define a new container called Pulvis . 

.4 Robot Program Generation 

nce the preparation is defined, either through the chat or the graphic interface, it is saved as a
SON object in the database. The JSON object describing the task reported in Figure 8 is shown
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 6. The chat interface. 

Fig. 7. The preparation in progress. 
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n Listing 1 . This object includes all the necessary information for the execution of the task by
he robot. Particularly, we created a program template that, on the basis of the JSON object, is
nstantiated at runtime to deal with the case at hand; this instance includes the elementary robot
ommands needed to accomplish the task, like moving to a specific position or searching for an
bject in the working area. Using the JSON object as a high-level specification of the robot task
nables the generation of elementary robot actions at runtime based on the specific robot charac-
eristics. This allows the task definition to be applicable to different robots, provided that suitable
rogram templates are developed for the different contexts. 
In practical contexts, the correct execution of a robot program requires taking into account

ossible issues related to robot calibration, collision avoidance, and singularities. In the case at
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 8. The graphic interface. 
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and, the user does not need to explicitly deal with the problem of collisions, since avoidance
f dangerous collisions is a native feature of collaborative robots. Furthermore, we assume that,
or each task to be carried out, the robot operates in a predefined workspace, where objects are
laced in fixed positions. If the setup of the workspace is correct, the robot program will not lead to
ollisions at runtime. If the setup is not correct or the user interferes with the robot movements, the
ative collision avoidance feature will stop robot operation. Singularities might, in principle, occur
uring action definition; however, in case the user chooses an available movement from the Pattern
rop-down list, this is assumed to be free of singularities since it has been defined by the developer
f the EUD environment, who is assumed to be technically competent. If, instead, the user decides
o define a customized movement through direct robot teaching, the collaborative robot will allow
he user to impart only feasible movements. Finally, we assume that robot calibration is performed
y experts in robotics when the EUD environment is released, thus, this aspect is out of the scope
f the end users’ activity. 

 User Study 

n exploratory user study has been carried out to collect feedback from real users and assess the
easibility of the proposed robot programming approach for preparing galenic formulations. 

.1 Methodology 

e decided to collect mainly qualitative data in order to evaluate the user experience during the
nteraction with PRAISE and to analyze the challenges and problems encountered by the users. To
his purpose, three different analysis tools have been applied: 

—direct observation of participants’ behavior during task execution and participants’ com-
ments; the notes taken by the researcher managing the user study have been subsequently
examined by two researchers to identify relevant themes according to an inductive and
latent thematic analysis [ 10 ]. Each theme led to identifying recommendations for system
improvement; 
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Listing 1. JSON structure of a defined task. 
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—the UEQ questionnaire [ 31 ] to assess the user experience, to be filled in by participants
immediately after the conclusion of the test session; 

—a semi-structured individual interview with each participant, carried out at the end of the
test session. The interview, organized around six questions aimed at gathering additional
opinions concerning the effectiveness, efficiency, and overall user experience of the appli-
cation. Furthermore, the feasibility of using a chat-based interface for robot programming
in relation to safety and security was explored. We were also interested in gathering in-
formation about further activities in the healthcare domain that collaborative robots might
support. Lastly, participants were asked to provide additional comments, if any, on the pro-
posed solution. Also, in this case, the answers collected by one researcher were examined
by two researchers, applying an inductive and latent thematic analysis to identify further
and more general themes to be considered for the design of similar systems and future
work. 

Nine participants (five females and four males) have been involved in the user study. All the
articipants work in the pharmaceutical field, with different backgrounds, specializations, and
xperiences. Table 1 reports the demographic data of participants, their profession, the number of
ears in the current role, their knowledge of galenic preparations (on a scale from 1 - very low, to
 - very high), and their knowledge of computer technologies (on a scale from 1 to 5). 

Participants in the user study were asked to execute five tasks of increasing complexity related
o the definition of domain concepts and robot programming through the chat and the graphic
nterfaces (Appendix A.1 reports the details of the assigned tasks). Before starting the experiment,
articipants were invited to an introductory session of about 5 minutes. In this introduction, the
esearcher managing the tests described the goal of the study, carried out a brief presentation of
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Table 1. Participant Data 

User Age Gender Profession 

Experience 
(years) 

Galenic 
(1–5) 

Computer 
(1–5) 

P1 27 Male 
PhD student in 

virology 

3 4 4 

P2 24 Female Pharmacist 1 4 3 
P3 30 Female Pharmacist 5 3 4 

P4 27 Male 
PhD student in 

chemistry 

2 3 3 

P5 30 Male Pharmacist 4 5 4 
P6 33 Male Pharmacist 7 4 4 
P7 33 Female Pharmacist 5 5 3 

P8 33 Female 
Nurse assistant 

in pharmacy 

10 1 4 

P9 45 Female Pharmacist 18 3 3 
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he prototype, and illustrated the assumptions about the preparation of galenic formulations. The
hink-aloud protocol was used during the tests, thus participants were encouraged to talk during
ask execution making explicit their thoughts. 

During task execution, a researcher observed each participant and annotated their comments
nd significant behaviors, such as difficulties while interacting with the prototype and errors made
n the task execution. Upon completion of the test session, the researcher asked to fill in the UEQ
uestionnaire and conducted the interview with the participant. The user study was conducted
hrough remote moderated tests using Google Meet, Google Drive, and Google Forms. Google

eet was used for video calling and screen sharing, Google Drive was used to share the document
ontaining the list of tasks to be performed, and Google Forms was used to collect user data and
EQ results. PRAISE was uploaded on an Amazon AWS cloud machine, and its address was made
ublic and reachable to everyone. Robot manipulations for point and photo acquisition were only
imulated (i.e., when clicking the related buttons, already stored data were retrieved). Each test
ession lasted from 30 to 40 minutes, including the introductory session. 

A pilot study with one female participant, a 28-year-old PhD student in pharmacology, was
erformed before the user study, to validate the test protocol and refine the description of the
ubmitted tasks. This pilot test was carried out in presence in order to have a more comprehensive
iscussion and collection of feedback. 

.2 Results 

he results obtained from direct observation, the UEQ questionnaire, and final interviews are de-
ailed below. 

5.2.1 Findings from Direct Observation and Participants’ Comments. The following themes and
elated recommendations for system improvement emerged from the thematic analysis of data
athered during task execution (see Appendix A.2 for details). 
Discoverability - Task 3 required using the chat to create a new preparation. Three participants

ere uncertain about how to initiate the conversation. They asked “What should I tell it?” or “How
hould I tell it?’ . This challenge is connected to the familiar discoverability issue [ 39 ], which his-
orically impacted command-line interfaces and can now affect conversational interfaces as well
 14 ]. This issue arose despite the existence of initial guidance provided in the chat upon opening
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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he page (see Figure 6 ). In particular, the messages “Hello! I will help you with the creation of a
ew preparation” and “Let’s start with the Action for the Mixing step” were manually added by the
eveloper to the chat history and were not generated by the LLM system, with the intention of
acilitating the beginning of the conversation. These messages were, however, interpreted as part
f the graphical user interface, as they were already present as soon as the chat opened, without
ny animations, like a fixed element. Consequently, users ignored these messages and did not con-
ider them part of the conversation. Still referred to this problem, another user suggested adding
 section devoted to Frequently Asked Questions (FAQs). 

As to the interaction with the graphic interface, a discoverability problem occurred when the
sers had to change the name of an item, defining a new one. The Add button only appeared after
 new (still undefined) name of the item had been typed. Until there was no text in the field, the
utton remained invisible. 

Recommendations : Instructions on how to start a conversation with the chat must be made more
isible in the interface, as well as a different mechanism to add new items through the graphic
nterface must be studied. The development of FAQs should be considered as well. 

Gap between user’s mental model and system conceptual model - Notwithstanding the
nitial introduction presenting the application and its underlying assumptions, two users encoun-
ered difficulty, particularly in Task 3, in establishing a clear connection between the operations
arried out in the application and the actual laboratory workflow. One of these users said “Sorry,
aybe I didn’t understand how it is supposed to work”. However, after a further quick explanation

f the application and its aims, there were no more issues in proceeding with the tasks. Also con-
erning this topic, one user reported that the term Library used to name a category of items in the
omain was unclear and far from the terminology used for galenic preparations. 
Recommendations : The problem related to the term Library can be easily solved, even though

nly one user underlined it was unclear. The difficulty in creating a connection between the ap-
lication and the real world requires further investigations when the actual integration of a col-

aborative robot in the laboratory workflow is complete. 
Robustness of natural language understanding - The NLP engine demonstrated robustness

n many areas. Six participants opted for Italian as their preferred language during the interaction
ith the chat, rather than the originally proposed English language. These users always first asked

Does it understand if I speak to it in Italian?” and were pleasantly surprised at the affirmative an-
wer. Two participants even changed their language preference mid-way through the interaction,
et the system swiftly adapted to the new language without any issues. A user tried to ask, out
f curiosity, what material the container was made of and the chat reasonably replied “glass”. The
LP engine also exhibited flexibility in terms of the arrangement and presentation of information.
or instance, during the execution of Task 3, a user began with the Storage step, rather than fol-
owing the suggested sequence, but this did not hinder the preparation definition. Furthermore,
articipants defined the different steps either by providing one detail at a time or by providing
ll the required details together, and this did not bring about any problems. The only issues that
merged were due to ambiguous names used for the definition of domain items. For example, three
sers named Mixing the action for the Mixing phase, thus overloading the term and giving rise to
ossible ambiguity. The NLP engine remained consistent in its responses, as was evident when it
onfirmed: ”Ok, I will use the Mixing action for the Mixing step”, using the overloaded term for both
eanings correctly. In front of this message, users recognized the ambiguity that they had cre-

ted and looked for an explanation, checking the side panel of the current preparation. One user
cknowledged: “Ah OK, it is actually right. I messed up. It is as if you give a person the name ‘Name’ ”.

Recommendations : The NLP engine used in our system and its adaptation to the prepara-
ion of galenic formulations with a robot results to be sufficiently robust; however, additional
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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Fig. 9. UEQ results compared with the UEQ benchmark. 
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cenario-based tests would be useful to investigate how users explore the interface and converse
ith the chat in their daily work routine. 
Non-deterministic behavior - We observed that the LLM-based approach sometimes led to

on-deterministic behaviors, but without hindering task completion. Examples of these events
nclude ambiguous names and occasional lack of guidance or task summary. For instance, the LLM
as instructed to guide the user step-by-step during the conversation, providing the user with
etails on what and how to define. However, it occasionally failed to take the initiative, leading
sers to seek clarification on what action to take next. Before asking the chat, three users requested
uidance from the researcher asking “What should I do now?”. In these cases, it was suggested to ask
n the chat, and users obtained in this way clear instructions on how to proceed. This situation also
ccurred occasionally when the system confirmed the definition of the last step without providing
he user with further instructions to proceed with the conversation. However, if the user inquired
bout the next step, the LLM provided a task summary as it had been instructed. Alternatively, if
he user indicated completion with a statement like “OK, I’m done”, the LLM correctly reached the
nd of the conversation without any further action. 

Recommendations : Avoiding non-deterministic behaviors is currently a critical issue of LLMs. In
ur case, we may reduce temperature parameter, and provide users with instructions to ask the
ystem when they are uncertain about the actions to take or the system’s answers. 

Interaction with the graphic interface - Overall, there were no difficulties in understanding
he application features and in using the graphic interface to view and revise the preparation. One
articipant reported that “Even a pharmacist with no experience in galenic preparations could do it
fter an initial introduction”. Another one said that “The graphic elements are very intuitive and
uick to use”. A user suggested reducing the interaction steps by showing the preparation in the
dit mode as soon as it is opened. Three users did not immediately understand the behavior of
he interface for item creation due to the lack of system feedback related to the robot’s height
cquisition. 

Recommendations : Since efficiency must be balanced with robustness, we will evaluate with
urther tests whether the suggestion to speed up the process could be suitable to all users; then, it
s important to add system feedback to confirm the robot’s data acquisition. 

5.2.2 Findings from UEQ Questionnaire. Considering the UEQ benchmark ranges, which clas-
ify results as Bad , Below average , Above average , Good , and Excellent [ 45 ], the obtained results
roved that interacting with our prototype application was very satisfying for the participants in
he study (see Figure 9 ). Indeed, Attractiveness, Dependability, and Stimulation are in the Excellent
ange of the benchmark, Efficiency, and Novelty are in the Good range, while only Perspicuity is
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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n the Above average range of the benchmark. The most appreciated aspects were Attractiveness
M = 2.04, SD = 0.45) and Dependability (M = 2.11, SD = 0.38). 

5.2.3 Findings from the Final Interviews. Further themes emerged from the thematic analysis
f the data gathered through the interviews. See Appendix B for interview questions and details
bout the thematic analysis. 

Learnability - All participants reported that PRAISE was easy to use, albeit after a learning
ctivity at the beginning. Six users stated that they quickly grasped how it worked despite encoun-
ering common challenges associated with trying out novel software applications. In this respect,
ne user commented: “I generally encounter some difficulties initially when dealing with novel soft-
are applications”. Two users expressed concerns about implementing this approach with older
sers who might be not familiar with software technologies. In this regard, one participant re-
orted: “In my lab, I am by far the youngest; everyone else is almost 50 years old, and I don’t know
ow they would react to such a system”. 
Usefulness and innovation - Users were pleasantly surprised by the innovative approach

ased on natural language interaction. They also appreciated the idea of addressing the entire
roduction process related to galenic preparations, instead of considering only a single step, as
ften happens with other technologies. In this regard, one participant reported “This prototype
bout galenic formulations is useful and innovative, right not to leave this procedure entirely man-
al”. The support of collaborative robots generated significant interest in the participants, who
onfirmed the presence of some repetitive and tedious steps during the production process of
alenic medicines. 

Graphic vs. chat-based interface - Two participants stated a preference for the graphic inter-
ace due to its efficiency, practicality, and resemblance to the worksheet used for galenic prepara-
ions in the laboratory. The other seven participants were intrigued by the chat function, which
emonstrated great computational power when compared with other technologies based on nat-
ral language interaction they previously experienced. As one participant reported, “It really un-
erstands even if I misspell something”. One user suggested making the interaction with the chat
aster. Indeed, during the task execution, he used a step-by-step approach, but during the inter-
iew, he was informed that there was also the possibility of defining everything at once and just
ith voice (not only with written text). The participant expressed enthusiasm when informed of

his possibility. 
User’s trust in the proposed technology - All participants appreciated the effectiveness, ro-

ustness, and flexibility of the proposed solution. One participant commented that she trusted the
pplication and the chat once she observed a correct understanding of the input. The coexistence
f both the natural language and graphic interaction methods was also valued for the security it
rovided, as well as for the flexibility to select the preferred approach based on individual needs. 
Potential future applications - The participants suggested other potential applications of this

pproach within the healthcare sector. One participant outlined that using a collaborative robot
ndowed with an intuitive programming interface may be beneficial in accurately dispensing the
orrect dosage of antibiotics for a predetermined treatment. This would lead to patients avoiding
he overuse of antibiotics, thus reducing the development of antibiotic resistance. A participant
roposed the implementation of a multi-purpose robot that could perform various operations,
ncluding diluting the SARS-CoV-2 vaccine and other generic preparations, such as the prepa-
ation of drips in hospital. Additionally, three participants recommended the integration of the
obot-based solution with a digital prescription system exploiting an optical character recogni-

ion (OCR) component. One participant advocated the use of collaborative robots to help order
edicines by expiration date on the shelves of the pharmacy; indeed, this is a very tedious activity
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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urrently performed manually by pharmacists or their assistants. Finally, a participant highlighted
hat cannabis-based products involve more steps in the production process than galenic prepara-
ions. Accordingly, he proposed that in such cases, a cobot could be even more advantageous. 

 Discussion 

his section discusses the findings derived from the user study, as well as open issues that must
e addressed in future work. Limitations of the work are finally highlighted. 

.1 Findings and Open Issues 

he user study allowed us to demonstrate the validity of the proposed hybrid approach to robot
ask definition by domain experts (pharmacists in our case). Natural language interaction attracted
nd engaged the users, especially when they discovered that the system was able to understand
ixed-language sentences and to answer reasonably off-topic questions. In addition, the possibil-

ty of using the LLM as an assistant that helps users formulate their requests made the interaction
oal-effective and supported a smooth learning of the system. As to learnability, upon analysis of
he UEQ results, Perspicuity resulted in reaching a lower evaluation than the other UX aspects.
ince the prototype presented in this paper is intended for professional use, it is reasonable to
xpect that something will not be immediately clear and that a training period will be necessary.
onetheless, positive feedback indicates that there were no significant issues related to under-

tanding and carrying out tasks after the initial use. 
When using an AI-based system, there is always the risk that the user feels to be controlled by

he system rather than vice-versa. PRAISE did not exhibit this behavior, but allowed the users to
xpress their requests according to their preferences and habits. This was ensured by the prompt
ngineering activity performed by the developer: prompts were properly tuned to balance human-
ike creative conversation with deterministic behavior. 

The study also allowed us to acquire information about the difficulties encountered by end users,
hich have been reformulated in terms of recommendations for system improvement. For in-

tance, the results of our study outlined once again the importance of Nielsen’s usability principle
atch between the system and the real world [ 38 ], which becomes crucial when interaction ex-

loits natural language in relation to a specific application domain. In the context of human-AI
nteraction, not only must the user be able to comprehend the terminology used by the AI-based
nterface, but it is also mandatory that the AI counterpart “understands” the users’ requests. Oth-
rwise, misunderstandings may occur, thus hindering the effectiveness and usefulness of the AI
echnique. 

As to the non-determinism inherent to LLMs, which may lead to nonsensical or wrong answers
also known as hallucinations ), we proved that proper fine-tuning through the Adapter module
ermitted to mitigate or totally avoid (as in our case) such behavior. While additional tests would
e useful to confirm this result, we also remark that the hybrid approach proposed here allows the
ser to discover and solve possible hallucinations using the graphic interface, thus always keeping
ontrol over the system output. 

Prompt engineering is presently a topic of great interest, with several approaches being pre-
ented. For instance, in [ 54 ], a tool for supporting the development and systematic evaluation of
rompting strategies is presented. In some cases, issues may emerge due to the complexity of initial
nstructions to be given to the LLM and/or to its non-deterministic behaviors. For these situations,
lternative approaches can be explored. One of these solutions is to break the LLM instance into
ultiple LLM instances, thus creating a chain, as suggested in [ 43 ]. This solution enables requests

o be distributed across multiple instances, rather than relying on a single one, in order to enhance
omprehension by the LLM through the use of shorter prompts. For future development, if, in our
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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ase, a robot task for a specific context becomes overly complex, we may consider breaking it into
ultiple LLM instances or following other approaches to manage such complexity. 
Another issue is related to managing the dialogue with the user when the user prompt is misin-

erpreted, possibly due to non-determinism. In that case it would be useful that the system provides
he user with an explanation of why it interpreted the prompt in a certain way, thus giving the
ser the opportunity to refine the prompt and enforce the desired interpretation. This aspect will
e better investigated in future work. 
Furthermore, interaction with written text composition may also bring inefficiencies. A potential

olution to reduce this issue would be to express the messages through voice commands, facilitat-
ng hands-free utilization of the application, thus improving productivity even while participating
n other tasks. This will require assessing the comprehension level of the speech recognition en-
ine, even when long messages are uttered. 

Further considerations can be made about the implementation of AI technologies with older
sers. Limited digital literacy and unfamiliarity with technology may hinder the interaction with
LM-powered interfaces. Another challenge arises from the diverse linguistic expressions and ac-
ents prevalent among older users. LLMs, while advanced, may struggle to accurately interpret
egional dialects or speech impairments, leading to misunderstandings and frustrations. Further
xperimentation is needed to explore this issue and investigate how to cope with it. 

Privacy and ethics are significant concerns for AI applications. With respect to privacy, it is
oteworthy that no sensitive patient data are used; moreover, the ingredients involved in the
reparation of a specific galenic formulation are not disclosed to the LLM, while the sequence
f preparation steps does not represent sensitive information. With regard to the ethical issue,
e underline once again that PRAISE is intended to serve as an aid, rather than as a replacement

or the practice of the pharmacist, who remains always in charge of the final confirmation of the
perations. 
Finally, additional application scenarios in the medical and pharmacological domains emerged

n our user study. It would be interesting, for example, to investigate how to support the steps
oreseen in the production of other medicines, like cannabis-based products or antibiotics. 

.2 Limitations of the Work 

he research presented in this paper represents only an initial step of the design and development
f an AI-based EUD environment for programming collaborative robots to be used as pharmacists’
ompanions. The following limitations affect the work carried out so far. 

First of all, as described in Section 4.2 , the gpt-3.5-turbo model was selected for ChatGPT API
s it was the most powerful one available for free use at the time of development. At present,
he gpt-4 model is available with a paid subscription. Testing our approach with this new model,
r other more powerful models, would be interesting to overcome the problematic situations that
rarely) happen during the interaction with PRAISE related to imprecise output generation, prompt
nterpretation failures, and non-deterministic behaviors. 

Another limitation concerns the user study organization. Due to the specific and stringent
election criteria of domain experts, recruiting volunteers who were willing to reach our robotics
aboratory to use PRAISE with a real connected robot posed a challenge. Therefore, to maximize
ser participation, the study was carried out remotely, thus limiting observation possibilities
nd time for the test session. The users were, however, able to complete the assigned tasks
ithout significant problems, and the tool for video-conference allowed collecting sufficient data

o distill significant findings. Moreover, the average age of participants was relatively low, and
his could have influenced the outcome; further studies will be performed in the future involving
CM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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articipants of different ages. The number of participants was also rather limited. A study with
ore participants is needed to understand how the results might vary when considering a larger

nd more heterogeneous group of pharmacists. 
Then, tasks carried out during the tests were performed only on the PRAISE application with-

ut any physical interaction with the robot. This disconnection from the real context might have
ltered the participants’ perception of the usefulness and effectiveness of the proposed system. We
ried to mitigate this problem during the final interviews, where interesting feedback about the
pplication of collaborative robots and the related programming environment was collected. 

Finally, we studied the automation of only three steps of the galenic preparation process and
id not address the overall process execution in human-robot collaboration. Future work will con-
ider the challenging issue of creating a robot program encompassing the whole human-robot
nteraction process needed for personalized medicine preparation. 

 Conclusion 

upporting improvement in the health domain is one of the main goals of responsible comput-
ng. This paper presented a case study about the use of collaborative robots in the preparation
f galenic formulations to enhance efficiency, product quality, and work ergonomics. In this do-
ain, end users are usually neither experts in robotics nor in computer programming. This calls

or a responsible design approach to ensure the adequacy of the proposed system to the users’
eeds and characteristics and to guarantee human control of the overall process. To this pur-
ose, a human-centered design methodology has been adopted for the development of PRAISE, an
UD environment that allows pharmacists to define robot tasks, helping them in the preparation
f galenic formulations. The user interface of PRAISE exploits LLMs for the recognition of user
ntentions and the creation of tasks for collaborative robots, which can be checked and revised
hrough a block-based graphic interface. The graphic interface can also be used to define new
asks from scratch, thus allowing users to choose the programming paradigm they prefer. This hy-
rid approach to robot programming has demonstrated significant versatility and efficacy; it was
lso very appreciated by the pharmacists who participated in the user study. Pharmacists were
nthusiastic about having a tool that enhances their role by allowing them to focus on high-value
asks, leaving to the robot the execution of repetitive and time-consuming activities. 
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ppendices 

 Observation and Thinking Aloud in the User Study 

.1 Tasks Executed 

he list of tasks performed during the user study is the following: 

(1) Define a new Action for the Mixing step with these details: 
• Name as desired (try to remember it). 
• Shared: False. 
• Don’t define any keywords. 
• Time: 60 seconds. 
• Loop: False. 
• Speed: Medium. 
• Pattern: Cross. 
• Tool: Spatula. 
• No points acquired from the robot. 

(2) Define a new Grid for the Packaging step with these details: 
• Name as desired (try to remember it). 
• Shared: False. 
• Select the first robot ’MyCobotta’ and acquire the height of the operculator grid. 
• Don’t define any keywords. 
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• Rows: 5. 
• Columns: 5. 
• Acquire a photo of the grid. 

(3) Create a new preparation through the chat with these details: 
• Name as desired. 
• Description: ’My first preparation’. 
• Shared: False. 
• Follow the chat requests and use the Action you defined for the Mixing step and the

Grid you defined for the Packaging step. For the Storage step, define a new Container
with a name as desired directly in the chat and acquire a photo of it. 

• At the end confirm the summary if everything has been understood correctly by the
chat. 

(4) The preparation defined through the chat will automatically be opened in the graphic
interface. Please: 
• Check whether all details have been correctly defined. 
• Change the time of the Action from 60 to 120 seconds and the tool from Spatula to

Pestle. For the Grid, change the number of rows and columns from 5 to 6. 
(5) Define a new preparation through the graphic interface: 

• Use the Action you defined for the Mixing step. 
• As a Grid for the Packaging step, try to use a not already defined grid and define it

through this interface. 
• Use the Container you defined for the Storage step through the chat. 

.2 Thematic Analysis 

Theme Codes 

Discoverability 

• Uncertain initial interaction 

• Initial guidance 
• Messages as graphic elements 
• Visibility of graphic elements 

Gap between user’s mental model and system 

• Assumptions made 
• Connection with real world 

• Language of the user 

Robustness of natural language understanding 

• Mother-tongue language preferred 

• Ambiguous names 
• Chat flexibility 

Non-deterministic behavior 
• NLP misinterpretations 
• Lack of guidance 
• Lack of task summary 

Interaction with the graphic interface 

• Easy to use 
• Efficiency 

• Interaction steps 
• System feedback 
ACM J. Responsib. Comput., Vol. 2, No. 3, Article 13. Publication date: October 2025. 
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 Final Semi-structured Interviews 

.1 Questions 

(1) Was it easy or difficult to understand and remember how to navigate and use the
application? 

(2) How do you evaluate the effectiveness of the application in achieving your purpose? Did
you really succeed in achieving your goal? If not, how close were you? 

(3) How do you evaluate the efficiency of the application in achieving your purpose? With
how much effort did you manage to achieve your goal? 

(4) Do you think that using the chat to program the robot is robust enough or does it leave
room for error? 

(5) Would you see this approach to robot exploitation and programming suitable to other
medical and/or pharmaceutical problems as well? 

(6) Do you have any other comments regarding application, approach, technology, or any-
thing else? 

.2 Thematic Analysis 

heme Codes 

earnability 

• Easy to use 
• Familiarity with technology 

• Older pharmacy staff

sefulness and innovation 

• Engaging interaction based on natural language 
• Effective approach to galenic preparation 

• Robot suitable to repetitive tasks 

raphic vs. chat-based interface 

• User preference for graphic interface 
• Mimicking work practice 
• Efficiency of graphic interface 
• Correct message understanding 

• Human-like interaction 

• Rigid step-by-step interaction 

ser’s trust in the proposed technology 

• Combining chat and graphic interfaces has potential 
• Correct understanding of ambiguous messages 
• Chat reliability 

otential future applications 
• Potential applications 
• Additional features 
• Additional steps in the process 
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