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PREDICTION SOLUTIONS 2022

Forward

The International Conference on Prediction Solutions for Technical and Societal Systems
(PREDICTION SOLUTIONS 2022) event series is concerned with prediction facets in various technical,
societal, and sense-based observations by gathering information, identify patterns, and defining (future)
system requirements. The output of prediction is a set of critical factors used to evaluate systems’
characteristics qualitatively and quantitatively, as well as forecast the service demand directions.
Prediction provides input on scalability, resilience, resource allocation, etc. and provides guidelines for
future decisions. The conference was held in Nice, France, July 24 - 28, 2022.

Organization predictions, market predictions, weather predictions, automation predictions, or
ultimately, Garner curve technical predictions, constitute mechanisms and fundamental driving (future
evaluation) methodologies for society’s industrial, investment, and customer behavioral expectations.

Generally, the prediction is concerned with estimating the outcomes for unseen data (rather
than document observations); a sub-discipline considering time series data is the forecast, where the
temporal dimension is shorter. Predictive processes are based on historical data combined with
statistical modeling, data mining techniques, and machine learning. Prediction is leveraging data and
patterns that are continuously gathered by forming datasets, using simulated samples, and statistics
techniques.

The process starts with sensing data, identifying situations, and changes of different situational
parameters. Via correlation functions and hypothesis, a variation of an input metric under observation
triggers a set of metrics along with quantitative/qualitative characterizations (what? how much? when,
for how long? etc.).

Most of the technical decisions in transportation systems based on long terms traffic patterns,
QoS delivery and SLA satisfaction in wireless and ubiquitous systems (based on QoE ) or progresses in
adopting 5G/6G and Industry 4.0/5.0) are based on an ensemble of successful technical factors,
successful service delivery, and lessons learned. However, further development is linked to collecting
data, applying mechanisms, predicting, testing, and confirming the perceived tendency.

Complex domains, dynamics changes, and entangled metrics relations make some events
difficult to predict, with a large range of impreciseness. Generally, predictions are based on observable
(sensed) metrics of a phenomenon in a given context, without considering internal variables/parameters
of the phenomenon.

For forecasts (shorter terms predictions), the precision is critical (eventually concluding with an
estimated probability). For hurricanes, the prediction of landing location is critical. Therefore, internal
parameters are considered. For very short terms, forecasting is only partially possible, and dynamics
that change suddenly leave no time to process unpredictable details (tornadoes).

Recursive predictions might be triggered by repetitive patterns, which are observed occurrences
of a series of predictions with high score, eventually being endorsed as (pseudo-)laws. The most famous
is the so-called “Murphy’s Law”.

We take this opportunity to thank all the members of the PREDICTION SOLUTIONS 2022
Technical Program Committee as well as the numerous reviewers. The creation of such a broad and
high-quality conference program would not have been possible without their involvement. We also
kindly thank all the authors who dedicated much of their time and efforts to contribute to the
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PREDICTION SOLUTIONS 2022. We truly believe that, thanks to all these efforts, the final conference
program consists of top quality contributions.

This event could also not have been a reality without the support of many individuals,
organizations, and sponsors. We are grateful to the members of the PREDICTION SOLUTIONS 2022
organizing committee for their help in handling the logistics and for their work to make this professional
meeting a success.

We hope the PREDICTION SOLUTIONS 2022 was a successful international forum for the
exchange of ideas and results between academia and industry and to promote further progress with
respect to prediction technologies. We also hope that Nice provided a pleasant environment during the
conference and everyone saved some time for exploring this beautiful city

PREDICTION SOLUTIONS 2022 Chairs
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Sandjai Bhulai, Vrije Universiteit Amsterdam, The Netherlands
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Academy of Lithuania, Lithuania
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Abstract—Helplines for mental healthcare differ from other
call centers in various aspects. Many agents are volunteers, the
conversations are often more complex and emotional, and many
helplines use a triage system. In this paper, we first propose
a call center model that includes the specifics of online mental
health helplines, including features such as a triage system for
chats and service times consisting of a warm-up, conversation,
and wrap-up cool-down periods. The model is validated using
a trace-driven simulation based on real-life (anonymous) data
provided by 113 Suicide Prevention. The results show that
the model can simulate the waiting-time performance of the
helpline accurately. Second, we focus on forecasting the number
of chats and telephone calls. Our results show that (Seasonal)
Autoregressive Integrated Moving Average ((S)ARIMA) models
trained on historical data perform better than other models in
the case of short-term forecasting (five weeks or less ahead), while
using linear regression works best for long-term forecasts (longer
than five weeks).

Keywords—call center models; queueing; mental health;
helplines; data analytics; forecasting

I. INTRODUCTION

There are many forms of mental health, with many countries
having one or multiple helplines. Examples of mental health
helplines in the Netherlands are 113 Suicide Prevention [1],
the helpline for help-seekers with suicidal thoughts, the listen
helpline (Dutch: luisterlijn) [2], and the Kindertelefoon [3]
for children. Recently, mental-support helplines have received
much attention due to the increase in call volumes related to
the (partial) lockdown to combat the spreading of corona [4],
[5]. This paper focuses on call center modeling for the suicide
prevention helplines. However, the results can also be used for
modeling the waiting-time performance of other mental health
helplines.

Suicide is a worldwide health problem. In 2020, on average,
five persons died each day by suicide in the Netherlands alone.
Suicide is a leading cause of death among adolescents [6];
worldwide, more than 700,000 people die from suicide every
year [7]. In many countries, people struggling with suicidal
thoughts can contact a helpline to get support to prevent and
reduce suicidal thoughts [8]. In the Netherlands, persons with
suicidal thoughts can contact 113, either by telephone or by
chat [9], and are helped by volunteers and professionals. It
is crucial that help seekers are answered swiftly. Therefore,
it is important that adequate staffing is present to answer
telephone calls and chat requests, minimizing the waiting times
and abandonments (i.e., sudden termination of ongoing calls
or chats while waiting). In order to calculate proper staffing
levels (e.g., [10]), a good understanding of the processes of
call center system for mental health is required.

Mental health helplines differ in various aspects from classi-
cal call centers. First, the subjects of conversations are mental
health concerns, e.g., loneliness, substance use [11]–[13].
Second, agents often have to handle complex conversations
with the patient-in-need, and may themselves require support
during or after a difficult conversation [14]. Therefore, an
important aspect is that agents often need some time to cool
down after emotionally difficult conversations. Third, when a
chat or telephone call enters the system, it has to be determined
which agent is best capable of handling the call, which results
in a warm-up time before the call is taken into service.
Lastly, chat conversations that enter the system first go through
a triage phase. The inclusion of triage plays an important
role, and functions as a filter [15] to chat requests, checking
whether these help seekers are at the right helpline or might
require emergency care. The triagist can also estimate the
conversation’s difficulty to best match an agent with enough
experience to handle the chat. So, the model for such a mental
health helpline needs to meet the following requirements: (1)
the possibility of abandonments, (2) a service time consisting
of multiple phases, (3) a warm-up and cool-down time, (4)
inclusion of chats and telephone calls, and (5) triage.

Classic call center models were considered for modeling this
helpline, see [16] for an excellent overview on queuing models
for call centers. The Erlang-C model is proven to be inaccurate
when modeling call centers with abandonments [17]. The
Erlang-A model includes abandonments [18], but does not
include multiple skills, triage, and warm-up times. Multi-skill
call center models, such as an N-configuration [16], were also
considered. The N-configuration model includes two types of
arrivals, which in this case would be telephone and chat, and
assumes that new chat arrivals can be picked up before triage.
However, in the mental health helpline of [1], it is crucial
that chats first go through triage. The importance of modeling
triage is already shown in the emergency domain [19], [20].
Therefore, in this paper, we modify the N-configuration model
in such a way that it includes the specifics of mental health
helplines.

This paper introduces a new queuing model to include the
possibility of triage. The model is built based on anonymized
call and chat data, made available by [1]. The records used
cannot be traced back to individual callers, as only timestamps
and durations are used. The anonymous data is also used to
validate the model and determine different patterns that can
be helpful for forecasting demand.

This paper is organized as follows. Section II describes
different patterns found in the data. In Section III, the proposed
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PREDICTION SOLUTIONS 2022 : International Conference on Prediction Solutions for Technical and Societal Systems

                             7 / 12



QueuedArrival Accepted Disconnected Completed

Pre-queue Waiting time Call duration Wrap-up time

Figure. 1. Timeline of a call from the perspective of the caller.

model is described. In Section IV, the model is validated,
using a combination of data and trace-driven simulation. Next,
Section V explains how the demand call volumes can be
predicted based on historical data. Finally, in Section VI, the
conclusion and discussion are given.

II. DATA ANALYSIS

The data for this research is provided by 113 Suicide
Prevention [1], throughout referred to as ‘113’. Its mission is
to prevent suicides and break the taboo surrounding suicide.
Help seekers struggling with suicidal thoughts can contact 113
24/7 by either chat or telephone. Apart from that, 113 also
provides online therapy, self-tests, and self-help courses [21].

Call data is provided over the period 2016-2021 and consists
of around 250,000 chats and 175,000 telephone calls. Each
call or chat has the following elements: (1) the arrival time,
(2) the time entering the queue, (3) the time of acceptance by
an agent, (4) the disconnection time, and (5) the completion
time. Each call also has a contact id and an initial contact id,
which may be different if a call is a forwarded telephone call
or chat.

The time between the arrival of a call and the time entering
the queue is the time spent by the caller in a menu. This phase
does not require resources from the helpline and, therefore,
falls outside the scope of this paper. The waiting time is
defined as the time between entering the queue and the time
that an agent accepts the call. The call duration where the
agent and the help seeker are actually connected is defined as
the time between acceptance of a call and the disconnection
time. Finally, after each call, the agent has to fill in a
wrap-up form, which is the time between disconnection and
completion. A visual representation of this timeline is given
in Figure. 1.

Recall that there are two options for help seekers to contact
the helpline: via telephone or chat. These two contact types are
mostly handled by the same type of agents but differ in some
important aspects. Traditionally, there used to be more chats
than telephone calls. However, the difference has diminished
in recent years, and the numbers are comparable. However, the
chat and telephone calls do follow different patterns, which are
shown in Figs. 4 to 5. Figs. 2 and 3 show the week patterns; in
both cases, the weekends see a lower number of calls. We also
observe that most telephone calls arrive between 12:00 and
20:00, while chats have a clear peak at 20:00. Both telephone
and chat call arrivals show a decrease during the night and
early morning.

Only part of the incoming chats after triage gets sent to
another agent. The percentage of chats that an agent handles

Figure. 2. Weekly pattern of incoming telephone calls.

Figure. 3. Weekly pattern of incoming chats.

Figure. 4. Daily pattern of incoming telephone calls.

Figure. 5. Daily pattern of incoming chats.

2Copyright (c) IARIA, 2022.     ISBN:  978-1-68558-019-3
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Figure. 6. Histogram of telephone call durations.

Figure. 7. Histogram of chat triage durations.

after triage is around 50% during day shifts, but this differs
over the day. During the night shifts, fewer chats are forwarded
to an agent. The different nature of night conversations may
cause this. The triage plays an important role in filtering chats,
as seen by the percentage of chats that get through triage.
Chats are filtered out due to various reasons. For example, the
chatter may be at the wrong helpline and or is identified as a
prank chatter [22].

In the data, we distinguish three service time distributions:
for the duration of (1) telephone calls, (2) chats during triage,
and (3) chats after triage. The empirical distribution of phone
call durations can be found in Figure. 6. On average, a
telephone call takes around 18 minutes. The duration of chats
in triage can be seen in Figure. 7, and the duration of chat
conversations after triage can be seen in Figure. 8. As can
be seen, the chats that have gone through triage tend to take
much longer than the chats during triage: on average, chats in
triage take 19 minutes versus 34 minutes after triage.

Remark 1: The effect of experience of agents
Mental health helplines often use a mix of paid professionals
and volunteers, where an agent’s responsibilities depend on
experience and other factors. Analysis of our data pointed out
that there seems to be no significant difference in service time
distribution between different volunteers and professionals.
There might be a difference, but this could be obscured due to
many other factors, such as experienced agents handling the

Figure. 8. Histogram of durations of chat conversations after triage.

more complex conversations. Based on this observation, the
call duration distributions are assumed to be the same for all
agents.

Remark 2: The effect of media events on arrivals
The possible effects of media events concerning suicide were
also studied. If shown to have a significant and long-lasting
effect, these media events could be used to help predict
demand. To analyze this, multiple events were considered,
ranging from national and international suicides to political
news concerning suicide. The effect of suicides of celebrities
on suicides is well-documented. It has been found that during
and after the suicide of a celebrity, the number of suicides
increases [23]. Rather surprisingly, we observed that most
events do not have a large or long-lasting effect on the number
of call arrivals, often having no effect or only a short-term
effect for 1 or 2 days.

III. MODEL DESCRIPTION

There are two types of calls: (1) chat calls, and (2) telephone
calls. Incoming chat calls first enter the triage system that
consists of ctriage triage agents. When a chat call finds a triage
agent available, it enters the triage immediately. Each triage
agent can handle ntriage simultaneously without perceivable
slow-down; this way, there are ctriagentriage ‘triage slots’ for
chat calls. The service time of a chat call in triage, denoted
Bchat, is the convolution of four random variables Bchat =
Bwarm-up +Bconversation+Bwrap up +Bcool-down, drawn from some
probability distribution, which can be estimated from the data.
A visual representation of the service time can be seen in
Figure. 9. Incoming chat calls that find all ctriagentriage triage
slots occupied, take place in an infinite-sized queue and are
handled on a First Come First Serve (FCFS) basis.

A key aspect of the model is the inclusion of impatience,
i.e., the maximum amount of time that a help seeker is willing
to wait before he abandons the system. The impatience of
a help seeker who enters the system via a chat is modeled
as an independent sample from some probability distribution
with mean µchat-impatience. After service completion at the triage
center, a chat is either sent through to the helpline (HL) for
assistance (with probability psent-through), or the chat leaves

3Copyright (c) IARIA, 2022.     ISBN:  978-1-68558-019-3
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Acceptance 
of call

Ready Disconnected Completed Ready

Warm-up Call duration Wrap-up time Cooldown

Figure. 9. Timeline of call from the perspective of the agent.

Telephone calls

Chat calls

Triage

HL

Chats identified as at the wrong helpline

Sent to HL with priority

Helped chat and telephone conversations

Figure. 10. Illustration of the model.

the system. Note that during the warm-up period Bwarm-up,
the agent is busy, but the help seeker is not yet answered.
Therefore, help seekers may abandon the queue during that
period.

Different from chat calls, incoming telephone calls do not go
through a triage phase and arrive directly at the HL. This is the
core part of the system where most of the service processing
occurs. The HL is equipped with cHL agents, each of which
can handle both chat calls and telephone calls, not more than
one call at a time. When a telephone call finds an HL-agent
available, he enters service immediately. If the telephone call
arrives and no agent is available, the call enters an infinite-
sized queue that is handled on an FCFS basis.

The HL processes both telephone calls and forwarded chat
calls (i.e., those that have passed through the triage phase).
Here, chat calls have non-preemptive priority over telephone
calls. Thus, when an HL-agent becomes idle, he first checks
whether there is a chat call pending (while keeping a triage slot
occupied), and, if so, starts to service the longest-waiting chat
call. If no chat call is pending, the agent checks if telephone
calls are pending.

Similar to the modeling of chat sessions, the duration
of phone calls also consists of four subsequent independent
phases: (1) warm-up, (2) conversation, (3) wrap-up, and (4)
cool-down, where each phase has its own probability distribu-
tion.

The impatience of help seekers via telephone is modeled as
a sample from some probability distribution that can be ob-
tained from the data. Calls abandon the queue if their waiting
time exceeds the impatience. When service is completed, the
calls exit the system. Note that agents are busy during the
warm-up period, similar to abandonments at the triage, but
the help seeker does not perceive this and can therefore still
abandon the queue during the warm-up phase. See Figure. 10
for an illustration of the model.

IV. MODEL VALIDATION

The model is validated using trace-driven simulation. For
this, the following data is used for each call: (1) arrival time,
(2) conversation duration, and (3) wrap-up duration. However,

for the simulation, the following missing values have to be
filled in: (a) the conversation and wrap-up duration of calls
that were unanswered, (b) impatience of help seekers, and
(c) warm-up and cool-down durations. The missing values of
conversation and wrap-up durations were filled in using hot-
deck-imputation [24]. This method samples from the known
values to fill in the missing values. The distinction was made
between the different types of conversations: telephone, chats
during triage, and chats after triage. The impatience of help
seekers is mainly unknown due to the limited availability. Only
a small percentage of telephone calls and chats were unan-
swered. Warm-up and cool-down durations were not present
in the data. Therefore, the missing values of impatience,
warm-up, and cool-down were all drawn from exponential
distributions. The parameters were estimated using expert
opinions from paid professionals and volunteers. Impatience of
chat conversation is determined by the sum of a constant 300
seconds and a duration drawn from an exponential distribution
with a mean of 300 seconds. The impatience of a telephone
caller is drawn from an exponential distribution with a mean
of 240 seconds. The warm-up for both chat and telephone is
drawn from exponential distributions with means of 60 and 45
seconds for telephone and chat, respectively. Lastly, the cool-
down durations of chat and telephone are both drawn from an
exponential distribution with a mean of 120 seconds.

Moreover, based on current practice at 113, for the experi-
ments, we assume that ntriage = 5. Thus, each triage agent can
handle a maximum of five triage chats simultaneously. Further,
the simulations are trace-driven, and follow the realizations of
the time variations of (1) the arrival processes for chat and
telephone, (2) the number of triage- and HL-agents, and (3)
the fraction of triage call that is forwarded to the HL system.

Figure. 11 shows both the simulated and realized aver-
age waiting times for telephone calls as a function of the
cumulative number of call arrivals. The results show that
for a small number of calls, the average waiting time is
rather sensitive to outliers but quickly stabilizes over time.
The average waiting time of the data and simulation both
converge to the same value, around 80 seconds. This validation
experiment is repeated for chat call arrivals, which show
similar convergence, see Figure. 12.

In summary, these validation results show that the model
works well in predicting waiting times.

V. DEMAND FORECASTING

Demand forecasting concerns itself with predicting the call
volumes for both telephone and chat calls. The time window
for predictions ranges from 1-day ahead to 8-weeks ahead.
Various models and features were considered. More specifi-
cally, the following forecasting models were considered: (1)
Long Short-Term Memory (LSTM), (S)ARIMA [25], Linear
regression [26] and different baseline models. The parameters
of (S)ARIMA models are chosen using auto-ARIMA [27],
which are (5, 1, 1) for ARIMA and (1, 1, 1)(0, 1, [1, 2], 7) for
SARIMA. As baseline, the prediction of day i is the volume
measured on day i−7 (baseline model 1) and i−58 (baseline
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Figure. 11. The average waiting time of telephone calls in the simulation and
the data.

Figure. 12. The average waiting time of chat calls in the simulation and the
data.

model 2). The following aspects were seen as important: trend,
seasonality and the influence of media events concerning sui-
cide. The provided data shows that there is an increasing trend
present and that weekly cycles seem to be predominant. The
assumption was that media events also influence the number
of arrivals and should, therefore, be included in forecasting.
However, our data analysis showed that in most cases, this
assumption is invalid (see also Remark 2 above), although
some events did have a large effect. However, for forecasting
purposes, it is not possible to predict when such an event
would take place and if such an event would lead to a long-
lasting effect. Therefore, it is chosen to focus on forecasting
using historical data of the call volumes. The models will be
evaluated using the Mean Absolute Percentage Error (MAPE).

The results of the forecast can be seen in Figs. 13 and 14.
We find that (S)ARIMA models perform best (in terms of
the MAPE), especially when forecasting for five weeks (or
six in the case of chats) ahead or less. For longer forecasting
windows, it turns out that a simple linear regression model
might provide more accurate forecasts in the case of telephone
arrivals. However, both (S)ARIMA and linear regression mod-
els have a lower MAPE than the baseline models. The LSTM
model has the highest error term in this situation. It could be
the case that with more time and optimization, the LSTM will
perform better. However, it is questionable if the model would
perform better than the (S)ARIMA models. The performance

Figure. 13. The error when forecasting telephone.

Figure. 14. The error when forecasting chat.

of (S)ARIMA models can be attributed to the flexibility of
the models. If an event results in a long-lasting effect on
arrivals, the (S)ARIMA model can quickly adapt and include
this increase or decrease in demand. An example of how
these predictions compare to the actual data can be seen in
Figure. 15.

VI. CONCLUSION

This paper proposes a new call center model for mental
helplines. The model is validated based on data from [1],
the suicide prevention helpline in the Netherlands. The re-
sults show that the model accurately predicts the waiting-

Figure. 15. Comparison between the actual number of chats.
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time performance of the call center. We emphasize that the
model is also applicable to other mental helplines with triage
and complex conversations requiring warm-up and cool-down
periods, possibly with minor modifications.

The warm-up and cool-down durations are estimated mostly
based on experience from agents. There is a difficulty in
accurately measuring these durations. For future research,
these durations could be based on data and possibly correlated
to the duration of the call and wrap-up. This could be done
by measuring when agents log off and log back on.

The second contribution of this research is centered around
demand forecasting. Various models were tested for forecast-
ing the number of arrivals per day. (S)ARIMA models were
among the best in terms of MAPE. We also considered the
inclusion of significant media events, such as the suicide of
a celebrity. Most remarkably, data analysis shows that these
do not have a large or long-lasting effect in most cases. These
events cannot be predicted ahead of time. Since the (S)ARIMA
models look back at the previous data points, this model is able
to adapt if such an event has a long-lasting effect.

This paper aims to provide a complete view, but some
aspects require follow-up research. For example, the level of
experience of volunteers and paid professionals might affect
call durations. Preliminary data analysis into this topic shows
no, or at best limited, correlation, but further investigation is
needed.
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