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Abstract 
Contact center work is becoming increasingly complex, requiring agents to manage growing 
information loads, rising customer expectations, and emotionally demanding interactions while 
maintaining efficiency and service quality. AI-assisted support has emerged as one possible 
approach to reducing cognitive burden in these environments.  
 
This field-study report presents findings from independent research conducted by the University 
of St.Gallen on proactive AI assistance during live customer interactions. The research evaluated 
Spitch’s Agent Assist in operational customer-service settings, while research design, analysis, 
and interpretation remained the responsibility of the authors. 
 
We tested the system inside the live workflow of twelve experienced agents at a bank and a health 
insurer, with a reflective interview after each session. Two controlled studies tested the same 
mechanism and quantified on what the field study surfaced. 
 
Four findings stand out: First, on calm calls, agents respond more immediately instead of placing 
customers on hold to search for information. Second, on difficult calls, proactive AI assistance 
reduces cognitive load by taking over factual retrieval tasks, allowing agents to focus more 
effectively on the customer interaction itself. Agents reported feeling more composed and 
confident in their responses. Third, the benefits appear strongest for new hires, whose first 
difficult calls are especially challenging, whereas experienced colleagues often already possess 
the relevant knowledge. Fourth, effective assistance depends on company-specific knowledge 
bases and careful interface design. Generic suggestions were not considered sufficiently relevant 
for real customer interactions. Agents preferred concisely visualized, controllable and easily 
dismissible factual support integrated into their workflow. 
 

1. The compounding cost of customer incivility 
Customer incivility is no longer an edge case in contact center work. Agents routinely face 
rudeness, dismissiveness, and outright aggression as part of their daily work. Research in service 
settings has documented these costs for more than two decades. Rude customers impair task 
performance, require additional emotion-regulation effort, and increase the risk of burnout and 
turnover over time (Porath and Erez 2007; Sliter et al. 2010; Grandey, Dickter, and Sin 2004). One 
of the agents we interviewed put the workplace side of this in her own words. 
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“You notice that people are becoming cheekier. They know you’re only the 
front line and that you can’t change the situation, but you’re the first point 
of contact, so of course you become the punching bag.” 
— Agent 5 

 
The cost of this shift is concentrated in a particular domain. When customers are rude, the agents’ 
tasks become more difficult while they must engage in more emotional labor (Grandey, Dickter, 
and Sin 2004; Hochschild 2012). Reading the next step on screen, remaining composed on the line, 
and preventing the customer’s tone from influencing their own speech all draw on the same 
cognitive resources. In contact center settings, this manifests as longer handling times on difficult 
calls and more frequent escalations, with exhaustion accumulating among agents who handle the 
largest share of such interactions. 
 
Proactive AI assistance is one potential response to this problem. In this paper, the term refers to 
an assistant that listens to a live call, retrieves relevant information from a curated knowledge 
base, and surfaces it into the agent’s interface in real time, based on what the customer has just 
said, without requiring the agent to stop and ask. The question we examine is a narrow one: When 
assistance of this kind of runs alongside a live call, where does it actually help, and what does 
that help feel like from the agent’s perspective? 
 

 
How AI Agent Assist works on a live call. 
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2. Three studies on the same question 
We addressed this question through three studies. A field study evaluating Spitch's Agent Assist, 
run inside the live workflow of experienced agents at a bank and a health insurer, captured how 
the assistance was experienced by those who received it. An online study tested task performance 
at scale. A lab study measured the effects of the support on agents’ cognitive state. Across all 
three studies, we varied customer tone (angry or friendly) and proactive AI assistance (present 
or absent), allowing the findings to build cumulatively. 
 
The online study showed when the support helps. Proactive AI assistance improved task 
performance when the customer was angry. On calm calls it added little, because agents already 
had the required cognitive bandwidth. The positive effect appeared only when pressure pushed 
agents toward overload. 
 
The lab study added a mechanism. Pupil dilation, a physiological marker of cognitive load 
(Sweller 1988; Paas, Gog, and Sweller 2010), decreased under AI assistance during difficult calls. 
The AI handles the factual load, which frees working memory for the emotion-regulation work 
the agent still has to do. We call this mechanism the cognitive buffer. 
 

3. The field study 
Twelve agents took part in a single session each, drawn from two partner companies. In each 
session, the agent took two scripted calls through the workspace they already use in production. 
One caller was an actor playing a friendly customer, the other an actor playing an angry one. We 
tailored the scripts to each company’s sector and kept them clear of the routine cases agents could 
handle on autopilot, but the scripts still let each agent improvise inside their own style. 
 
Spitch’s AI Agent Assist solution integrated proactive AI assistance into the agent workspace. 
The assistant listened to the call by accessing the audio stream directly. As the customer spoke, 
Agent Assist retrieved relevant information from a curated knowledge base, built for each 
company so the content matched the sector, and surfaced the suggestions into the workspace as 
they became relevant. The agent did not need to query, type, or switch context to pull the 
information across. Agents could still use the standard guidelines and knowledge-base tools they 
would reach for on a normal day. The AI sat alongside the agent’s existing tools as an 
augmentation.  
 
Immediately after the second call, each agent sat for a 20- to 40-minute reflective interview where 
we discussed what happened, what helped, what did not, what they would change. Tenure in 
the sample ranged from about six months at the company to 28 years in customer-facing work. 
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We used actors on purpose. Scripting let us deliver the friendly and angry conditions reliably and 
on demand. Agents knew the caller was an actor, and their reflections account for that. The 
dynamics of a hard call still showed up. Agents described the pressure the customer put on them, 
the moments the conversation nearly slipped, and the effort it took to pull it back. 
 

4. The agent side of the assistance 
The twelve interviews yield five patterns. We present each along with the agent-side evidence 
supporting it. We translated the quotes from German and kept speakers anonymous. 
 

4.1 Live answers and a handhold when the thread drops 
The most concrete benefit agents named is saved time. When the AI surfaces the right information 
while the customer is still on the line, the agent answers right away, without putting the call on 
hold or jumping into another system. 
 

“[Right away] the answer arrives and I can give it straight to the customer. 
I don’t have to open other systems or put the customer on hold.”  
— Agent 1 

 
The same effect appears in another form on harder calls. The agent loses the thread under load. 
Working memory drops, the customer has piled up several requests, and the agent has to recover. 
Agents described the AI as the cue that helped them grab the thread back. 
 

“Usually you just drop out, have a little blackout – and then as a support, I 
think, it’s really quite helpful.”  
– Agent 9 

 
Both patterns share a mechanism. The information sits ready in the workspace and the agent 
reaches for it without breaking out of the call. On calm calls that means time saved. On hard calls 
it means a handhold for an agent who has briefly lost their place. 
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4.2 Task support creates room for emotional work without replacing 
it 

The obvious assumption about an AI tool in an emotionally demanding job is that it should help 
with the emotions. Agents did not want it to. They pushed the assistant onto the factual side and 
kept the emotional work for themselves. The mechanism they described was indirect. If the tool 
handles the factual load, the agent has headroom to stay composed. 
 

“If I know the factual side is taken care of, that I can rely on what pops up, 
then I’m automatically more confident. And if that’s already handled, the 
emotional side also gets a bit more regulated.” 
— Agent 3 
 

“Information would be more helpful for me in that moment. If the customer 
is already getting nasty, you try to give them as much information as 
possible, which satisfies them, and if you have that ready in advance, you 
don’t have the stress of only searching.”  
— Agent 2 

 
This shapes where the assistance fits. Several agents rejected an AI that interprets or responds to 
the customer’s emotions (Grandey, Dickter, and Sin 2004). A minority were open to a companion-
style emotional-support feature, so the preference was not unanimous. The view most agents 
supported was the narrower one. The assistant should help by taking factual work off the agent’s 
plate, leaving the human free for the part of the job only a human can do. 
 

4.3 Onboarding is where the assistance helps most, and where 
accuracy matters most 

The sharpest positive signal came from the two newest agents in the sample. They described the 
assistant as most valuable for people just starting out. In the first months on the job, when every 
difficult call still feels unfamiliar, the assistant takes some of the weight off. 
 

“The first few nasty calls were worse than the 20th or the 100th.”  
— Agent 12 
 

“At the start it’s really helpful. Especially at the start, when you’re 
constantly running into new things.” 
— Agent 12 
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The complication came from a senior agent. Her warning was specific. A new hire, lacking the 
internal filter that comes from experience, will read imperfect AI output aloud to the customer. 
 

“Someone who’s just starting types in questions and says whatever comes 
up. The same would be true if the information came in on its own. It really 
has to be 100 percent correct. That’s the difficulty.”  
— Agent 3 

 
Both points hold. The group that benefits most is also the group least able to catch the assistance 
when it gets something wrong. Accuracy, source transparency, and clear uncertainty signals 
therefore become important requirements for a rollout. Other augmented-onboarding programs 
report the same tradeoff (Reinhard et al. 2024). The assistance helps new hires faster than anyone 
else, and in the same conditions it can make them wrong faster. This needs careful oversight. 
Governance and uncertainty signaling are particularly important for new hires. 
 
4.4 The shape agents want is small by default, expandable on demand 
Both companies’ agents agreed on what the assistance should look like. Agents wanted a small, 
always-visible cue with the key information, that opens up on a click and only steps forward 
when the call gets hard. They did not always want full paragraphs on screen. They also did not 
want a reactive “ask and wait” assistant. Typing a good question while a customer is escalating 
only adds to the load. 
 

“Just one and a half bullet points. A sentence would already be too much.”  
— Agent 3 

 
Two concrete features came up across multiple agents. One was a way to skip or dismiss a 
suggestion (“I’ve seen this, don’t keep showing it”). Repetition was one of the most-named pain 
points, and the fix sits on the design side. When the same suggestion keeps reappearing, agents 
stop reading the feed at all and waste attention checking whether something new has come in. 
The other was a clearer visual hierarchy. One of the most senior agents specifically called out 
color and layout cues for information as clearly useful. Neither feature requires a redesign of the 
assistant. Both depend on the assistant being properly integrated into the company’s workflows 
based on close collaboration between agents and developers. 
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4.5 Presentation has to track the agent’s load, including the 
assistance itself 

Hard calls take up the agent’s attention, and that makes long text on screen a problem rather than 
a help. Agents described this as a general feature of difficult conversations. Once a customer 
escalates, the agent can no longer read and listen in parallel. Reference documents, on-screen 
checklists, and paragraph-length guidance all hold the same content as before. The capacity to 
take it in is gone. 
 
The same logic applies to proactive AI assistance. On calm calls, the same feed of suggestions was 
genuinely useful. On difficult ones, it became a second source of load. 
 

“With the first customer she pushed me hard and I could barely keep up 
with reading through the different bullets. In the second case, with the 
friendlier one, it was more pleasant, I could skim the bullets, and it was 
actually really good.” 
— Agent 4 
 

“I had no time at all to read the text and at the same time hear what the 
customer is saying.”  
— Agent 6 

 
This is the cognitive-buffer mechanism in the agents’ own words. When working memory is 
already taken up by managing tone and content at once, there is nothing left for reading, and 
putting more text on screen at that moment makes the situation worse. Agent 10 summed it up 
this way: “You read and at the same time you listen to the customer, and then it’s too much at 
once.” 
 
The design consequence is direct. How much text the agent can read depends on the moment 
more than on the content. The assistance has to adjust to the agent’s current load, showing a short 
cue when the call is hard and expanding to detail when the call is calm. Getting that contrast right 
is what keeps the tool useful in the moments where it most needs to help. How the suggestions 
look on the screen has to be worked out together with the agents who will use them. 
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5. What online and lab studies showed 
The field study captured where the assistance helped from the agents’ side. The two controlled 
studies put the same mechanism to the test and attached numbers to it. Both used the same 
scripted service case and varied whether proactive AI suggestions appeared during the call, 
which let the effect show up clearly under controlled conditions, without the noise of a live 
workflow. 
 

 
The online study put 103 participants through a browser-based version of the task, crossing AI 
assistance (on, off) with customer behavior (friendly, angry). AI assistance significantly improved 
task performance when the customer was rude, and made no reliable difference when the 
customer was civil. Cognitive load moved the same way, significantly lower under AI assistance 
on rude calls only. The two findings linked up. The drop in cognitive load carried part of the 
performance lift under rudeness, and the drop in momentary anxiety ran entirely through that 
same lower-load channel. The emotional benefit came as an effect of easier factual work. The tool 
had no separate emotional effect of its own. 
 
The lab study added physiological measurement. Ninety-one participants ran the same case 
under the “angry” script only, with or without proactive AI suggestions. The pupil widens when 
the brain is working harder, so pupil dilation tracks cognitive load from moment to moment 
(Beatty and Lucero-Wagoner 2000; Wel and Steenbergen 2018). Skin conductance picks up tiny 
shifts in electrical conductivity driven by sweat-gland activity, which rise under stress, and it 
tracks autonomic arousal (Boucsein 2012). Pupil dilation was significantly lower under AI 
assistance, matching the field reports with an objective signal. Task performance was significantly 

What we measured 
Two controlled studies, same scripted case:  
online (𝑁 = 103) and lab (𝑁 = 91, physiological). Directions are for difficult (angry) calls. 
 

Measure  How measured  Study  Under AI  

Task performance  Scored task outcome  Online, Lab  Higher ↑  

Cognitive load  NASA-TLX (self-report)  Online  Lower ↓  

Cognitive load  Pupil dilation (physiological)  Lab  Lower ↓  

Momentary anxiety  Self-report  Online  Lower ↓  

Autonomic arousal  Skin conductance / EDA  Lab  Lower ↓  

Call duration  Elapsed call time  Lab  Shorter ↓  
 
On friendly calls, AI assistance made no reliable difference on any measure. The drop in anxiety ran 
entirely through lower cognitive load, not through a separate emotional channel. 
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higher and calls ran shorter. The same pattern showed up in the autonomic data. Cognitive load 
and arousal both fell. 
 
Taken together, the two studies put the patterns the agents described on a measured, 
physiological base. The value sits where pressure and support meet, and the mechanism shows 
up in a signal that does not depend on what people say about themselves. 
 

6. Key takeaways 
The five field-study patterns, set alongside the online and lab results, distill into four core benefits 
for agents. 

 
Four benefits Agent Assist delivers. 

 

Efficiency on routine calls 

On calm calls, the biggest improvement is a step that does not have to happen. When the right 
information appears in the agent’s workspace while the customer is on the line, the agent answers 
directly. Agents described it as “more effective” than working without the support, though they 
stopped short of calling it a necessity. Lab and online studies confirm that in calm cases, assistance 
can be useful but remains optional. 
 

Stability in difficult calls 

When a customer escalates, the agent has to read, listen, regulate their own tone, and respond at 
the same time. The AI taking over the factual load creates room for the rest. Cognitive load drops 
under support on hard calls, performance lifts, and agents describe themselves as more sure of 
what to say and steadier on the line. The benefit concentrates where the work is hardest. On calm 
calls the AI adds little, because the agent already had bandwidth. Switching the assistance on for 
flagged queues, or once the voice signal indicates pressure, fits the pattern better than running it 
on every call. 
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Onboarding lift, conditional on accuracy 

The newest agents are the group that benefits most. The first hard calls are the worst, and the 
assistant fills the gap that experienced colleagues already carry in their heads. The catch is 
accuracy. New hires lack the experiential filter to catch the system when it is wrong, and they are 
more likely to read imperfect output aloud. 
 

Knowledge base and ongoing tuning 

A knowledge base built for the company is what makes the suggestions specific enough to use in 
a real call. Generic content cannot do the same job. The surface details (when the assistant speaks 
up, what its cue looks like, how easy it is to dismiss) only come right through repeated rounds of 
feedback between agents and developers. 
 
The studies cover task performance, cognitive load, and call duration under controlled 
conditions. The production KPIs that complete the picture (average handle time at scale, first-call 
resolution and transfer rates, customer satisfaction) sit on top of those, and are the things to track 
and confirm once the system is in production. 
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