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Communities have first-hand knowledge about community issues. This study aims to improve the efficiency
of social-technical problem-solving by proposing the concept of “artificial process intelligence," based on
the theories of socio-technical decision-making. The technical challenges addressed were channeling the
communication between the internal-facing and external-facing 311 categorizations. Accordingly, deep learning
models were trained on data from Kansas City’s 311 system: (1) Bidirectional Encoder Representations from
Transformers (BERT) based classification models that can predict the internal-facing 311 service categories
and the city departments that handle the issue; (2) the Balanced Latent Dirichlet Allocation (LDA) and BERT
clustering (BLBC) model that inductively summarizes residents’ complaints and maps the main themes to
the internal-facing 311 service categories; (3) a regression time series model that can predict response and
completion time. Our case study demonstrated that these models could provide the information needed for
reciprocal communication, city service planning, and community envisioning. Future studies should explore
interface design like a chatbot and conduct more research on the acceptance and diffusion of AI-assisted 311
systems.
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1 INTRODUCTION
Many cities in the United States have adopted the 311 system, including phone calls and Twitter, as
a platform for non-emergency residents’ requests and delivering city services. This includes all
kinds of community issues that require city services, ranging from the trash in neighborhoods,
dead animals, potholes, to parking violations, water leaking, and other criteria. 311 call records
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include time, location, and text data. They document thousands of calls from residents to inform the
city management of problems that need city services. Then, the city management assigns problems
to workgroups that deliver the service. As a result, the large amounts of data from the 311 system
have been examined to guide future planning of resource deployment or to hold public officials
accountable for deficiencies [35].

Some studies conceptualize this co-production process as resident-as-consumer and government-
as-provider. However, such a consumer-provider model cannot convincingly explain the socio-
spatial disparities in 311 complaint behavior, particularly in Kansas City, MO [12]. As pointed out
by e-government research, involvement and engagement of all constituents is key to co-producing
efficient and fair public service [12]. To address this community involvement and engagement
challenge, this study proposes a community-in-the-loop approach that leverages “artificial process
intelligence" to create a support system for the 311 system.

2 BACKGROUND
2.1 Motivation
The first wave of science studies in the 1950s and 1960s has proven that science is not able to solve
social problems (community problems are essentially social) without two-way communication
and a collaborative process of co-creation with the communities [7]. Moreover, communities have
long-time first-hand experience with community issues, which should receive equal or comparable
weight via delegation (like elected public servants) or representation (like opinion polls and surveys)
[7]. Thus, community engagement has become an essential component of the second and third
waves of science studies.

Thus, today’s challenge is not to argue for the importance of community-in-the-loop but to
create a mechanism to address the methodological question of “how" to bring communities in the
loop. For example, a recent study funded by the UK’s Economic and Social Research Council spent
three years examining how autism research could become more participatory, i.e., relevant and
transformative to the autism community [9]. The findings revealed that the major obstacles were a
lack of supportive components [1] for communities to get heard and involved and a mechanism
that allowed multi-directional communication among all stakeholders for constructive dialogues
[1, 9].
Applying this socio-technical decision-making perspective, scholars argued that engineering

models and urban design should make an effort to understand community concerns, aspirations,
and adaptation ideas and explore and evaluate solutions in terms of their responsiveness to the
local context and economic viability [26]. The case study on urban flood resilience in Australia
documented the use of visualization techniques to facilitate the process of community visioning par-
ticipated by community stakeholders [26]. Community visioning gave insight into the requirements
and desires of the community, which subsequently led engineering modeling and analysis, as well
as urban design [26]. Thus, the first and foremost step of a community-in-the-loop approach is to
leverage technologies like Machine Learning and Deep Learning to more effectively and efficiently
listen to community inputs and understand human insights. This “listening" process is essential to
human-centric computing.
To address these challenges, we propose the concept of “process intelligence" to highlight the

kind of artificial intelligence required to facilitate the listening process. The theoretical foundation
of “artificial process intelligence" is the concept of “process experts." It was proposed in Treem, and
Barley [32] and developed by Barley, Treem, and Leonardi [1]. It refers to personnel “structurally” at
the intersection between domain experts with knowledge about operational, curational, evaluative,
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and representational processes. For instance, the nurse station is strategically situated at the
intersection of physicians or 311 operators at the intersection of city service departments.
Ideally, “process experts” should be able to understand “situated knowledge of the social pro-

cesses operating in a specific social context, including the knowledge of accessing, synthesizing,
and evaluating volumes of information, and presenting information in a way that is meaningful to
all stakeholders [1]. Furthermore, “process expertise” requires intelligence and wisdom based upon
extensive knowledge (big data) of “who the stakeholders are,” “what the types of expertise/issues
are involved,” “when (coordinating multiple agendas and timelines),” “where (what are the environ-
mental, contextual, and situational factors),” “why (multiple causes and consequences from various
perspectives),” and “how (evaluating different solutions).” Although efforts have been made to grow
process expertise from humans, there are insurmountable obstacles of high individual commitment
(both time and effort) to acquire extensive knowledge and institutional undervaluation of process
expertise in comparison to domain expertise [1].

2.2 Problem Statement: Bridging the Gap between Internal and External
Categorization of 311 Complaints

The challenge for automation is comprehending citizens’ reports of events, classifying them into
311 service categories, identifying city departments (workgroups) that provide services, and com-
municating with the residents about the key information regarding the problem and the service
delivery. Figure 1 illustrates the communication processes of the 311 call system: (1) data collec-
tion; (2) modeling; and (3) informing. This project aims at the “modeling" phase that generates
“process intelligence." The specific challenges facing “modeling" are (1) to address the challenges
of semantically arbitrary classes in the existing internal-facing 311 department and the service
category categorization; (2) to bridge the gap between the internal and the external categorization
of complaints.

Fig. 1. 311 Use Case and the Overall Framework

The call records of 311 systems involve navigating and connecting two categorization systems:
(1) an external-facing system, from which the operator collects information about the problem
from residents who call in; (2) an internal-facing categorization system to navigate the city service
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departments for problem solving. This dual-system presents two major challenges to human
operators and an AI support system.
First, the internal-facing categorization needs to categorize events into semantically arbitrary

classes. This means that some of the 311 categories that the model needs to handle do not have a
focused semantic theme. Instead, they are standard practices or legacy categories inherited from
older systems. This is not an uncommon situation in real-world classification tasks. For example, 311
service categories contain 17 categories: “city facilities,” “sidewalks,” “government,” “streets,” “lights,”
etc. The categorization is not mutually exclusive. It does not follow any hierarchical categorizations
(events and sub-events). The 311 department categories include “policy department,” “finance,”
“general service,” “Northland,” “South,” etc. Some of these categories are functional, and others are
geographical. These internal-facing categories become so complicated that it is hard for human
operators to efficiently sort them out so that city service can be delivered on time. An AI support
system should be able to offer assistance to facilitate internal categorization.
The first problem leads to the second problem: The semantically arbitrary categorizations for

internal communication are not designed for efficient external communication with the most
important stakeholders of the city management, i.e., the residents. Residents’ calls are unstructured
text or voice data, which do not follow any internal-facing categorization. An AI support system
needs to comprehend the problem reported by the resident and then use the information to
communicate with the residents regarding key milestones of the problem-solving process, for
example, who (which city department) will solve the problem, and when the service will be
delivered to where. The current human-operated 311 system is not sufficiently resourced to follow
up with residents reciprocally.

2.3 The Proposed Solution
Accordingly, the proposed solution is designed to answer the same set of questions that a process
expert can answer: What community problem happened, when and where it happened, and who
was involved. Adopting this community-in-the-loop approach, we presented a case study of Kansas
City, MO’s 311 system. Machine learning and Deep Learning models were employed to create a
human-centric AI system for more efficient and effective two-way communication. It includes three
models that can communicate with each other:

• Model 1. “Who handles the problem" and “What happened according to the internal-facing
categorization:” We designed supervised learning models using the Bidirectional Encoder
Representations from Transformers (BERT) model of classification to conduct service category
and department category classifications of 311 calls.

• Model 2. “Can you tell more” and “What happened from the resident’s perspective:”We proposed
the Balanced Latent Dirichlet Allocation (LDA) and BERT CLustering (BLBC) model that
inductively categorizes unstructured inputs from residents and maps them onto the internal-
facing categorization.

• Model 3. “When and where the problem will be solved:” We designed a time-series forecast
model that predicts when the requested service will be delivered to the requested location.

Figure 1 shows the communication functions of these three models in an episode of a 311 call.

3 RELATEDWORK
3.1 Event Detection
To create such an AI support system, event detection (ED) and event classification are at the center
of transforming 311 call records into intelligence. The existing ED approaches mostly solve two
problems: (1) detecting an event from a large amount of text data, like Tweets. For example, machine
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learning models were created to improve stock market forecasting to detect significant events
from Tweets and align the event with the timeline [18]; (2) classifying an event into a category. An
example is to classify an event of hiring someone into the category of “personnel: start-position”
[13].

There are two major approaches to event detection (ED) tasks: topic modeling and event trigger
detection. Topic modeling is a text dimension reduction technique [18]. It is used to detect “event
topics” and “sub-event detection” in, for example, tweets [18]. Even trigger-based approaches reply
on reference datasets like ACE2005, to detect and classify event trigger words. ACE2005 annotation
guidelines define event trigger words as “the word that most clearly expresses its occurrence.” An
event word can be the main verb of the sentence or a noun, an adverb, etc.. An example of an event
trigger word is, for example, “hire” in “Emily was hired to take over as chief executive.”
Event trigger-based classification uses deep learning models based upon feature engineering

that selects event trigger words [13]. Recent studies also investigated methods of combing event
trigger words with contextual words to enhance the performance [20]. However, the event trigger-
based classification often uses supervised machine learning, which causes difficulty in performing
classification on unseen classes [13]. Recognizing the limitation of event trigger-based classification,
Ngo et al. [20] applied few-shot learning event detection.

These existing approaches of ED are not immediately applicable to our case. As aforementioned,
the communication process of 311 involves a dual-categorization system. It is necessary to combine
the supervised classification approach with the unsupervised topic modeling approach.

3.2 Deep Learning and Natural Language Processing
Recently, significant advances have been made in Natural Language Processing and Deep Learning,
such as ELMO [23], GPT family [4, 24, 25], BERT [8], RoBERTa [16], XLNet [36]. In particular,
BERT has been extensively explored in conjunction with various NLP models to achieve state-of-
the-art performance. The pretrained uncased BERT is introduced in Devlin et al.[8]. It generates
representations from unlabelled text data by jointly conditioning on both left and right contexts
(bi-directional) in all layers. It can be fine-tuned with just one additional output layer for various
tasks.
Peinelt et al.[22]’s topic-informed BERT-based model (tBERT) combined topic representation

of a sentence from LDA topic models with the sentence pair vector C (𝐶 = 𝐵𝐸𝑅𝑇 (𝑆1, 𝑆2) ∈ 𝑅𝑑 )
of 𝐵𝐸𝑅𝑇 𝐵𝐴𝑆𝐸 where 𝑑 specifies the hidden internal size of BERT, i.e., 768 for 𝐵𝐸𝑅𝑇 𝐵𝐴𝑆𝐸 . 𝑆1 is a
sentence with length N, and 𝑆2 is another sentence with length M. Both are the uncased version
of 𝐵𝐸𝑅𝑇 𝐵𝐴𝑆𝐸 , which does not differentiate between english and English. Employing 𝐵𝐸𝑅𝑇 𝐵𝐴𝑆𝐸 ,
Peinelt et al.[22]’s iBERT with LDA topics produced accurate and stable performance across a range
of benchmark datasets of semantic similarity prediction.

In contrast to Peinelt et al.[22]’s model-driven approach, Venkataram et al. [34]’s experimentation
with LDA and BERT was largely data-driven. Answering the call from the White House, they aimed
at exploiting the COVID-19 Open Research Dataset consisting of more than 29,000machine-readable
articles on COVID. Their TopiQAL was an “interpretable, unsupervised, generic and fused" ML and
DL architecture for COVID-related question-answering. They used LDA and BioBERT, and their
unique contribution was the hierarchical inference that matches user query sentences with LDA
topic distribution of abstracts with a probability threshold = 0.2, followed by the same process on
paragraphs in body text. Two levels of topic model filtering supplied chosen topics to the BERT
extractive summarizer for Q&A. BioBERT was BERT adapted for the biomedical domain. [14].
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3.3 Time Series Forecasting
The traditional univariate forecasting techniques predict future values of time series based on their
historical values [10]. However, amid the criticism of the black-box nature of the artificial neural
network, recent successes of recurrent neural network (RNN) models have shown great potential
[10]. For example, Long Short Term Memory (LSTM), which is an artificial RNN, was trained and
tested on datasets of COVID transmission in Canada and Italy to predict future outbreaks [6].
Some studies found that deep learning models like LSTM produced more accurate and clear

patterns and predictions than mathematical and statistical models [6]. They can learn to identify
non-linear patterns and explore latent relationships without any prior [29]. Smyl [29] mixed an
exponential smoothing (ES) model with LSTM into one common framework that combines the
strength of statistic models and neural networks. This hybrid forecasting method used exponential
smoothing for deseasonalizing and normalizing the series and LSTM for extrapolating the series
[29]. Livieris et al. [17] created a CNN-LSTM model to predict the price of gold. This approach
uses CNN to preprocess data and screen out noises, and an LSTM layer is stacked on top of it to
perform forecasting. Their first CNN-LSTM model without a fully connected layer performs well
on regression tasks, like predicting prices. Their second CNN-LSTM model with a fully connected
layer performs well on classification tasks like predicting the gold movement. Niu et al. [21]
combined two-stage feature selection, convolutional LSTM, Gated Recurrent Unit (GRU), and an
error correction model to predict the financial market.

Sirignano et al. [28] proposed a time series price prediction with a 4-layer perceptron model for
price changes in Limit Order Books. Neil et al. [19] proposed an LSTM architecture for asynchronous
series detection by tacking learning dependencies of various frequencies in the time series. Borovykh
et al. [3] proposed a predictive model with convolutional neural networks for conditional time
series. These related studies show that real-world data often require different techniques. Therefore,
assessing models on real-world data is needed to find the best practices for performing time-series
forecasting.

4 THE PROPOSED MODELS
Our use case requires (1) classifying an event into existing internal-facing 311 service categories
and city departments. We propose to use BERT as an embedding method, combined with supervised
learning. (2) To detect the major community problems reported by citizens, we propose to use the
Balanced LDA+BERT Clustering model to map the results of LDA topic modeling to the internal-
facing 311 service categories. (3) A time series forecasting model to predict the delivery of the
service. We will compare statistical models with DL models. The major contribution of this paper
is creating “process intelligence" by applying multiple models and connecting the “knowledge"
from each to close the loop for the community-in-the-loop approach. See Figure 1 for the overall
framework.

4.1 Model 1: BERT-based 311 Call Classification
There are two classification tasks given a 311 call record: (1) the 311 service department and (2)
the 311 service categories. As we intended to use models from this study to create a questions
answering system, we considered event classification as a natural language understanding (NLU)
problem and designed BERT models of classification [37].
BERT is Bidirectional Encoder Representation from Transformers that relies entirely on self-

attention instead of sequence-aligned recurrent neural networks (RNNs) or convolutions. It consists
of multiple bidirectional transformer encoder layers [33]. Each layer, surrounded by a residual
connection, has a multi-head self-attention mechanism, followed by a position-wise fully connected
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feed-forward network. An attention function can map a query and a set of key-value pairs to
an output. The output is a weighted sum of the values, and the weight assigned to each value
is a compatibility function of the query with the corresponding key. The attention weights are
calculated by Equation 1: the three inputs are 𝑄 queries, 𝐾 keys, and 𝑉 values; and the output is
the softmax of standard dot-product attention, 𝑄𝐾𝑇 of 𝑄 and 𝐾 (𝐾𝑇 represents the transpose of
matrix 𝐾 ) with a scaling factor of

√
𝑑𝑘 , where 𝑑𝑘 is the dimension of the key, ensuring the value of

the dot product does not grow too large.

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (QK
𝑇

√
𝑑𝑘

)𝑉 (1)

Our classificationmodel includes two parts: a BERT encoder that encodes 311 records/descriptions
and a classification decoder that classifies a 311 call record into a 311 category (BERT-C) or a service
department (BERT-D). The two classification tasks in problem and solution domains are trained
separately.
We used the BERT encoder transformer with an added layer of classification decoder. The

encoding of a 311 service description is described in Equation 2. 𝑥𝑖 is the representation of each
token and 𝑡 is the number of the tokens, and ℎ𝑖 is the contextual semantic representation embedding
of a token. Thus, 𝐻 = (ℎ1, . . . , ℎ𝑡 ), the encoder outputs are the semantic representations of each
311 record.

𝐻 = 𝐵𝐸𝑅𝑇 (𝑥1, . . . , 𝑥𝑡 ) (2)
Given an input token sequence𝑋 = (𝑥1, . . . 𝑥𝑡 ), the output of the BERT encoder is𝐻 = (ℎ1, . . . , ℎ𝑡 ),

and ℎ𝑖 is the averaged output from the multi-headed transformer blocks given as token’s contextual
semantic representation embedding.

The hidden representation 𝐻 ∈ 𝑅 |𝑋 |ℎ is obtained by H = BERT(X), where |𝑋 | is the length of the
input sequence 𝑋 = (𝑥1, . . . 𝑥𝑡 ) and ℎ is the size of the hidden dimension. Then, 𝐻 is passed to a
dense layer𝑊 ∈ 𝑅ℎ |𝑉 | , followed by softmax, as described in Equation 3.

The classification decoder uses sentence semantic representation 𝐻 to predict the class label 𝑦𝑐 :

𝑦𝑐 = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑊𝐻 + 𝑏) (3)

𝑦𝑐 can be the 311 categories (BERT-C) or service departments (BERT-D). Softmax is an activation
function that converts a vector of numbers into probabilities within the range of [0, 1]:

𝜎 (®𝑧)𝑖 =
𝑒𝑧𝑖∑𝐾
𝑗=1 𝑒

𝑧 𝑗
(4)

®𝑧 is input vectors. 𝑒𝑧𝑖 is the standard exponential function for input vectors. 𝐾 is the number of
classes. 𝑒𝑧 𝑗 is the standard exponential function for output vectors.

4.2 Model 2: Balanced LDA+BERT Clustering (BLBC)
As stated in the second problem, we need a model to categorize residents’ complaints inductively
and connect them with the internal-facing 311 service categories. The internal-facing 311 ser-
vice categories are sometimes semantically arbitrary and thus hard for the external audience to
understand.

To solve this problem, we propose a new topic modeling, called Balanced LDA+BERT Clustering
(BLBC), by combining LDA [2] and BERT [8]: LDA [2] is first used to detect topic per document
probabilities, which is then combined with BERT [8] sentence embedding through an autoencoder.
Finally, the latent representations from the encoder are entered into a clustering algorithm to
categorically cluster documents.
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Fig. 2. Architecture of Balanced LDA+BERT Clustering (BLBC)

Pre-trained language models: As our model is based on pre-trained BERT, we briefly describe
the BERT model here. The BERT document vector 𝐻 is generated using Equation 1 and Equation 2.
The self-attention mechanism is described in Equation 1. Given an input document 𝐷 , the uncased
BERT model outputs the semantic representations of the document 𝐻 , as described in Equation 2.

We intend to combine the strengths of LDA and BERT. The performance of the LDA topic model
could be influenced by the number of documents, the length of documents, and the number of topics
[30]. Shorter texts, like 311 call records, may suffer from poor performance due to their length.
This can be attributed to the LDA model’s random drawing of the document-topic, and topic-word
proportion vectors [30]. While the length of 311 call records may undermine the performance of
LDA, the coherence flow between sentences with each document may introduce opportunities to
improve the performance of the topic model. Unlike tweets and short texts from social media, 311
call records are short. Still, each document may have a more coherent sentence flow since they are
human-generated records of calls from residents about a specific instance. Here is an example of a
311 call record:
“Citizen reports improper parking space striping. Codes state that spaces are 8.5 ft wide, but the

spaces are only 8ft wide. The handicapped spaces are only 7.5 ft wide but are supposed to be 8.5 ft
wide. The problem is likely to be present throughout the parking garage. Additionally, there should be
handicapped parking signage in front of each stall, but there are none, just the logo on the ground.”
This record has a clear semantic connection from sentence to sentence, and the entire record,

due to high sentence-level coherence, is semantically focused. The same observation was made
by Li et al. [15] on texts from Wikipedia. They proposed a bi-Directional Recurrent Attentional
Topic Model (bi-RATM) for document embedding to capture sentence-to-sentence flow, and their
model achieved state-of-the-art performance [15]. In the same spirit, our topic model uses BERT
sentence-level embedding to overcome the possible less-than-optimal performance of LDA on
shorter texts (see Figure 2).
LDA topic vectors: The LDA document vector is generated by Latent Dirichlet Allocation (LDA).
It is a generative probabilistic model based on three primary structures, including words, topics,
and documents [2]. The documents are represented as a random mixture of latent topics, and each
topic is characterized by a distribution over words. Given an input corpus 𝐷 (𝑑 ∈ 𝐷) with𝑉 unique
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words and𝑀 documents, each document 𝑑 contains a sequence of 𝑁 words 𝑑 = {𝑊1,𝑊2, . . . ,𝑊𝑁 },
𝑛 ∈ {1, 2, . . . , 𝑁 }. Given a topic number 𝐾 , 𝑘 ∈ {1, 2, . . . , 𝐾}, the generative process will generate
documents based upon per-document topic distribution and per-topic word distribution and op-
timize probabilities. 𝛼 is the per-document topic distribution. It is a matrix where each row is a
document, and each column is a topic. It indicates the likelihood that a document contains topic 𝑍𝑘 .
𝛽 is the per-topic word distribution. This matrix has rows to represent topics and columns words,
indicating how likely a topic 𝑍𝑘 , 𝑘 contains word𝑊𝑛 . 𝜃𝑑 is a multinomial distribution of documents
drawn from a Dirichlet distribution with the parameter 𝛼 . 𝜑𝑘 , 𝑘 is a multinomial distribution of
words in a topic drawn from a Dirichlet distribution with the parameter 𝛽 . For each word position
𝑛, select a hidden topic 𝑍𝑛 from the multinomial distribution parameterized by 𝜃𝑑 . And, then select
𝑊𝑛 from 𝜑𝑍𝑛 .

𝑃 (𝑾 ,𝒁 , 𝜽 , 𝝋;𝛼, 𝛽) =
𝐾∏
𝑖=1

𝑃 (𝜑𝑖 ; 𝛽)
𝑀∏
𝑗=1

𝑃 (𝜃 𝑗 ;𝛼)

𝑁∏
𝑡=1

𝑃 (𝑍 𝑗,𝑡 | 𝜃 𝑗 )𝑃 (𝑊𝑗,𝑡 | 𝜑𝑍 𝑗,𝑡
)

(5)

Autoencoder: The LDA document vector𝑊 is defined below:

𝑊𝑖 = 𝑇𝑜𝑝𝑖𝑐𝑀𝑜𝑑𝑒𝑙 ( [𝑇1, . . . ,𝑇𝑁 ])∈𝑅𝑡 (6)

𝑇𝑖 is the probability of the document belonging to the i-th topic. 𝑁 is the number of topics.
𝑊 is Input 1 of the encoder 𝐸. A fully connected neural network is employed to learn𝑊 ′, vector

representations of𝑊 .𝑊 ′ has the same dimension 𝑑 as 𝐻 ′.𝑤1 is the weights, and 𝑏1 is the bias:

𝑊 ′ = 𝑅𝑒𝐿𝑈 (𝑤1 ×𝑊 + 𝑏1) (7)

The BERT document vector 𝐻 has a dimension of 𝑑 ′ = 768. It is entered into the encoder 𝐸 as
Input 2. The fully connected neural network learns 𝐻 ′, vector representations of 𝐻 . 𝐻 ′ has the
same dimension 𝑑 as𝑊 ′.𝑤2 is the weights, and 𝑏2 is the bias:

𝐻 ′ = 𝑅𝑒𝐿𝑈 (𝑤2 × 𝐻 + 𝑏2) (8)

𝑊 ′ and 𝐻 ′ are concatenated into a single document vector 𝑇 .

𝑇 =𝑊 ′𝐻 ′ (9)

A full-connected NN learns latent vector representations of 𝑇 .𝑤3 is the weights, and 𝑏3 is the bias:

𝑇𝑜𝑝𝑖𝑐𝑉𝑒𝑐𝑡𝑜𝑟𝑠 (𝑇 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑤3𝑡 + 𝑏3) (10)

The decoder 𝐷 mirrors the dimensions and layers of the encoder 𝐸.
Clustering: The vector representation of each document is the hidden state of the autoencoder. 𝐸
is the encoder, and 𝐷 is a document:

𝑡𝑖 = 𝐸 (𝐷𝑖 ) (11)

Clusters of the documents, where each cluster indicates a topic category, are generated using a
clustering algorithm like K-means (see Figure 2).

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CSCW2, Article 285. Publication date: November 2022.



285:10 Ye Wang et al.

4.3 Model 3: Time series forecasting.
The Prophet model was used to predict the estimated responding time for a specific 311 service call
using the 311 service data from the past ten years. The Prophet model is a Generalized Additive
Model (GAM) [31]. The Prophet model includes three major components: 𝑔(𝑡) is the trend, 𝑠 (𝑡) is
seasonality, ℎ(𝑡) is holidays, and 𝜖𝑡 is the error term. They are summed up to perform a forecast:

𝑦 (𝑡) = 𝑔(𝑡) + 𝑠 (𝑡) + ℎ(𝑡) + 𝜖𝑡 (12)

𝑔(𝑡) is modeled using the piece-wise logistic growth model as follows: The trend changes in the
growth model have been adjusted by explicitly defining change points, where the growth rate is
allowed to change. For the given 𝑆 change points at times 𝑠 𝑗 , 𝑗 = 1, . . . , 𝑆 , a vector of rate adjustments
is defined as 𝛿 ∈ 𝑅𝑆 , where 𝛿 𝑗 is the change in rate that occurs at time 𝑠 𝑗 . The rate at any time 𝑡 is
then the base rate 𝑘 , plus all of the adjustments up to that point: 𝑘 +𝑃 𝑗 : 𝑡 > 𝑠 𝑗𝛿 𝑗 . A vector is defined
as 𝑎(𝑡) ∈ {0, 1}𝑆 and the rate at time 𝑡 is then 𝑘 + 𝑎(𝑡)𝑇𝛿 . When the rate 𝑘 is adjusted, the offset
parameter𝑚 is also adjusted to connect the endpoints of the segments. The correct adjustment 𝛾 at
change point 𝑗 is defined as follows:

𝑔(𝑡) = 𝐶 (𝑡)
1 + 𝑒𝑥𝑝 ((𝑘 + 𝑎(𝑡)𝑇𝛿) (𝑡 − (𝑚 + 𝑎(𝑡)𝑇𝛾)))

(13)

with 𝐶 (𝑡) is time-varying capacity, 𝑘 the growth rate, and𝑚 an offset parameter. Also, seasonality
models have been defined as periodic functions of 𝑡 using the Fourier series, considering periodic
effects to fit and forecast these effects.

We have also explored several deep learning models, including LSTM and CNN models, for time
series forecasting. Surprisingly, our case study showed the Prophet forecasting model had superior
prediction compared to the deep learning models to be discussed later, suggesting city service
delivery is influenced by seasonality and holidays.

5 KCMO 311 CASE STUDY
5.1 311 Data
The domain of our study is the open dataset 311 of the Kansas City metropolitan area (from 2015
to 2020). Some of the key fields from the data are: Departments of 311 services, categories of 311
services, descriptions of the incidents, geo-location coordinates of the incidents, and dates of the
311 service requested and delivered.
The 311 calls can be reported through multiple communication channels such as phone calls,

email, Web, or social media. Most of them (about 97%) were reported by the three channels: phone
(approximately 70%), Web (about 20%), and email (about 6.7%).

5.2 Model 1: The KCMO 311 Service Category and Department Predictive Model
Data: The KCMO 311 service data [11] (shown in Table 1) is split into 80-20 train-validation
ratio to train and evaluate the model’s performance. As seen in Figure 3, the total numbers of the
internal-facing 311 service categories and departments are 17 (not including the “other" and “no
data available" categories) and 15, respectively.

Table 1. KCMO 311 Service Request Dataset

Department# Category# Training# Testing# Total
15 17 112,412 28,103 140,515
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Training: To train the 311 BERT classification models of categories and departments of the 311
service requests, the 311 data was split between training and validation in the ratio of 80-20. As a
result, the 311 BERT classification model has been trained in 10 epochs. The accuracy of the 311
service category and department classification was approximately 95.5% and 96.15%.
Evaluation with Baselines: We used two measures to measure the performance of the classifica-
tion algorithms: (i) The loss function (Eq. 14) used for deep neural networks is cross-entropy to
measure the difference between the predicted labels and the proper labels; (ii) Accuracy Eq 15.

𝐶𝑟𝑜𝑠𝑠 − 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = −
𝑚∑︁
𝑖=1

𝑛∑︁
𝑗=1
𝑦𝑖, 𝑗 log(𝑝𝑖, 𝑗 ) (14)

where 𝑦𝑖, 𝑗 denotes the true value 𝑝𝑖, 𝑗 denotes the probability predicted by the model of a sample 𝑖
belonging to class 𝑗 ,𝑚 is the number of the classes, and 𝑛 is the size of a training set.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 +𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 +𝑇𝑁 (15)

where TP is true positive, FN is false negative, FP is false positive, and TN is true negative.
The evaluation of the proposed predictive models has been conducted in comparison to other

machine learning algorithms, including Support Vector Machines (SVM), Decision Tree, Naive
Bayes, and K-means Clustering.
311 Call Classification Results The class-wise accuracy for the 311 service category and de-
partment classification are shown in Figure 3. The Recreation and Park category has the lowest
accuracy (82.61%) in the 311 category classification. The Northland department is the least accurate
(67.50%) among the departments. As shown in Table 2, the BERT classification models performed
the best. SVM was the second-best among the five different algorithms (92.96% and 93.77%), and
Decision Tree was the worst (44.66% and 62.95%).

Fig. 3. Class-wide Classification Accuracy: (a) 311 Service Category (b) 311 Service Department

Discussion about 311 Call Classification Models Figure 4(a) shows that categories with lower
accuracy (e.g., “Parks & Recreation") were largely due to data imbalance issues. Categories with
higher frequencies tended to have the highest accuracy, while those with lower frequencies had
the lowest accuracy. Although “Property Violations" enjoyed a 99.7% accuracy, the miscategorized
cases suggested some overlapping with “Street" and “Trash."

Figure 4(b) shows departments with higher frequencies had higher prediction accuracy. Among
the lowest four departments, “Finance," and “South" had fewer than 60 cases. The confusion occurred
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Table 2. 311 Service Category and Department Prediction Accuracy

Model Name Service Department
Naive Bayes 81.46% 85.89%
K-means Clustering 82.91% 85.08%
SVM 92.96% 93.77%
Decision Tree 44.66% 62.95%
BERT Transformer 95.50% 96.15%

Fig. 4. Confusion Matrix: (a) Service Category Classification (b) Department Classification

mostly between “Northland" and “City Managers Office" and “NHS (National Honor Society)." The
mixed-up can be attributed to the crossover between function-based department classification (like
National Honor Society) and jurisdiction-based department classification.

5.3 Model 2: BLBC Clustering Modeling
Data: All 311 text records were used. The goal of Model 2 was inductively to summarize the main
themes of residents’ complaints and then analyze the relationship between themain themes/topics of
complaints with the internal-facing 311 service categories. We achieved this goal by (1) summarizing
the main themes/topics of the complaints by using LDA topic modeling; (2) clustering documents
into topic categories by using the Balanced LDA+BERT Clustering (BLBC) model; and (3) visualizing
the relationship between themes/topics and internal-facing 311 service categories.
Training the LDA Topic Model: The preprocessing includes text cleaning, tokenization, stop-
word removal, and lemmatization. To ensure optimal results, coherent scores were calculated.
Figure 5 shows the coherence values across a range of 8 to 25 topics, and 12 topics had the highest
topic coherence (0.5512). 17 topics (the existing 311 services have 17 categories) had a coherence
score of 0.5350. In the experiments, we demonstrated that the quality of the LDA topic modeling
had a significant impact on the BLBC clustering models.
Results of the LDA Topic Model: Table 3 showed the top 10 words of the 12 topics from the
LDA model. We conducted a topic-by-topic qualitative comparison of the 12-topic and the 17-topic
LDA models since the internal-facing 311 service categories have 17 categories. Both the 12-topic
and the 17-topic LDA models identified “traffic," “animals," “limbs and lights," “water leak," “bulky
items," “vehicles," “trees and potholes," “houses," and “property maintenance." Topic 10 “Trash" of
the 12-topic model was split into three topics in the 17-topic model. The 17-topic model had two
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Fig. 5. Coherence for Optimal Topic Modeling

Table 3. Top 12 Topics and Topic Terms

ID Topic Topic Terms (10)
Topic 1 Traffic traffic, corner, hydrant, lane, hole, fire, street, north, road, south
Topic 2 Animals dog, black, taker, white, brown, pit, large, small, loose, flat
Topic 3 Limbs and lights limb, dead, street, light, note, cartegraph, replace, pole, possible, soon
Topic 4 Case referred refer, please, case, see, note, work, still, service, closed, missing
Topic 5 Trucks truck, get, city, last, week, time, disabled, put, state, know
Topic 6 Water leak water, leak, meter, home, pressure, low, coming, pipeline, street, state
Topic 7 Bulky items property, item, bulky, recycle, leaking, neighborhood, dumping, sewer, mainte-

nance, appointment
Topic 8 Vehicles vehicle, car, parked, street, sign, plate, abandoned, parking, front, month
Topic 9 Trees and potholes tree, street, city, need, side, pothole, sidewalk, large, right, removed
Topic 10 Trash trash, missed, bag, violation, sticker, picked, recycling, collected, block, time
Topic 11 Houses house, front, tire, open, door, building, damaged, side, home, vacant
Topic 12 Property maintenance yard, property, grass, weed, lot, back, need, cut, tree, debris

topic categories that were hard to interpret. The top 10 words of these unclear themes were: 1)
get, people, need, time, cover, American, ice, concern, state, area; 2) meter, refer, see, please, note,
traveler, turned, construction, flat, driveway. Within the 12 topics, Topic 5 Trucks appeared to be
a bit challenging to interpret. This comparison showed that the 12-topic model summarized the
themes better than the 17-topic for a human to interpret.
Training of BLBC: Text cleaning was conducted, and sentence BERT embeddings were generated
using pre-trained uncased BERT.

The BLBC model was trained for 5 epochs. The encoder was saved and used to generate hidden
layer vector representations.
Evaluation of BLBC: The objective function of BLBC was log-cosh. The log-cosh loss function is
a regression loss function that behaves similarly to the mean squared loss but is robust to outliers.
It is the logarithm of the hyperbolic cosine of the prediction error. Formally:

𝐿(𝑦, 𝑦𝑝 ) =
𝑛∑︁
𝑖=1

𝑙𝑜𝑔(𝑐𝑜𝑠ℎ(𝑦𝑝
𝑖
− 𝑦𝑖 )) (16)

We conducted four experiments to compare BLBC with other models. First, we compared BLBC
with the baseline model. The baseline model replicated the existing LDA+BERT model: The LDA
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Table 4. Silhouette Scores (SS) of Topic Models

Models Dimension of W #Clusters W’/H’ Ratio SS Score
BLBC (Ours) 12 12 32:32 0.3623
ILBC-1 12 12 12:52 0.2985
ILBC-2 17 12 17:47 0.2405
ILBC-3 17 17 17:47 0.2321
Baseline [27] 12 12 N/A 0.2745

Fig. 6. Elbow Charts: (a) Balanced LDA+BERT Clustering (BLBC), (b) Imbalanced LDA+BERT Clustering
(ILBC), and (c) 17-Topics ILBC(1)

topic vector𝑊 (from the 12-topic LDA model) was concatenated with the BERT document vector
𝐻 . This joint vector 𝑇 was entered into a shallow autoencoder with one dense layer that reduced
the dimension of 𝑇 to 32. The hidden layer vector 𝑡 (𝑑 = 32) was entered into a cluster model, to
cluster the documents into 12 categories. The second comparison was to experiment with different
dimensions of𝑊 ′ and 𝐻 ′: 1) 𝑑 ′

𝑊
= 12, 𝑑 ′

𝐻
= 52, and the number of clusters 𝑁 = 12 (ILBC-1 in

Figure 6); 2)𝑑 ′
𝑊

= 17, 𝑑 ′
𝐻
= 47, 𝑁 = 12 (ILBC-2 in Figure 6). The third comparison was to compare

different LDA topic vectors: 17-topic vector vs. 12-topic vector: 𝑑 ′
𝑊

= 17, 𝑑 ′
𝐻
= 47, 𝑁 = 17 (ILBC-3

in Figure 6).
All models were trained for 5 epochs. The latent representations of the proposed model BLBC,

the original LDA+BERT model (baseline), ILBC-1, ILBC-2, and ILBC-3 were entered into the same
K-means clustering algorithm.
We evaluated the clustering models using the Silhouette score and the elbow method. The

Silhouette score measures how coherence a document is to its own cluster compared to the other
clusters. It has a range of [−1, 1], with 1 indicating high cohesion within the cluster and high
separation from the other clusters. Thus, it is a better measure than visualization when dealing
with higher dimension clustering. The elbow method is a visual method to identify the optimal
number of clusters by plotting WCSS (Within-Cluster Sum of Square).
Results of the BLBC Model: Our BLBC model is different from the existing LDA+BERT model
since it balances the LDA topic and BERT document vectors. We demonstrated the importance of
balancing the LDA topic vector and the BERT document embedding by experimenting with the
length of𝑊 ′, and𝐻 ′. A balanced length of the vectors performed the best and produced the highest
Silhouette score (see Table 4). We demonstrated the impact of the LDA topic model (coherence) on
the clustering model by using the 17 topic vector in the same autoencoder (see 17-Topics ILBC-1
and 17-Topics ILBC-2 in Figure 6). 12 topics were of higher quality than 17 topics and thus produced
better results of clustering.
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Fig. 7. Time Series Analysis

Discussion of the BLBC Model: Tables 5 - 7 show this relationship. The cross-tabulation tables
include the 17 service categories (including the “other" and the “data not available" categories).
The counts of the documents per topic/theme were based upon the membership from the BLBC
clustering model. The 12 main topics/themes of complaints were concentrated on the top categories
of the internal-facing 311 service categories. “Trash," “Water Leak," and “Animals" were three major
problems that both categorization systems agreed upon. The “Traffic" problem involved both the
lights/signals/signs service and the street/sidewalks service. The “Limbs and Lights" problem was
largely a public safety concern. The problems of “Houses" and “Property Maintenance" involved
services of property violations and street/sidewalks. Table 5(a) showed that a majority of the
complaints in the “other" category belonged to the themes/topics of “Trees and Potholes," “Property
Maintenance," and “Bulky Items." The “other" category is often created to group items that are hard
for human operators to put them into a category.

5.4 Model 3: KCMO 311 Time Series Forecasting
Data: The time series forecasting was conducted on all the data available from 2015 to 2020. The
results are shown in Figure 7.
Training: To further drill down upon the trends of the case resolution, we have analyzed the same
data based upon the category of the 311 service requests. Due to lack of data, only cases since 2008
were entered into the analysis. Therefore, the category-wise trends have been shown in Figure 8.
Evaluation: Figure 9 shows the evaluation of time series results on a 70-30 split of data.

The time series model for the 311 service data, which is a nonlinear regression based model for
311 call response times, was evaluated: (1) MAE (Mean Average Error) (defined in Eq. 17) is the
measure of the difference between predicted versus observed, (2) MAPE (Mean Average Percentage
Error) (defined in Eq. 18) is a measure of prediction accuracy of the forecasting (loss function for
regression in machine learning).

MAE =

∑𝑛
𝑖=1 |𝑦𝑖 − 𝑥𝑖 |

𝑛
=

∑𝑛
𝑖=1 |𝑒𝑖 |
𝑛

(17)

MAPE =
1
𝑛

𝑛∑︁
𝑡=1

����𝐴𝑡 − 𝐹𝑡𝐴𝑡

���� (18)

Results of the Time-series Mode Figure 9 shows the MAE and MAPE scores as the performance
of the 311-time series model. The best classes of the response time prediction are Animal and Tracy
with 1.23% and 6.27% of its MAE. The worst class accuracy is City Facility with 29.3% of MAE. In
terms of MAPE, the best class is Lights with 7.45% of MAPE, and the worst type is Tracy, with
46.93% of MAPE. Thus, the overall accuracy for the response time estimation is about 70%. The
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Table 5. Topics and Dominant 311 Service Categories

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10
Topic 1 1049 5602 319 46 984 7501 1334 79 2460 563
Topic 2 20748 38 73 177 30 45 139 41 27 10
Topic 3 3581 4545 466 3 9055 1649 2120 10 116 306
Topic 4 735 1070 2384 674 871 1919 2821 156 4357 1043
Topic 5 1025 1274 2560 3455 1498 3688 8692 972 2442 1242
Topic 6 3337 36 1173 715 84 903 492 130 22682 357
Topic 7 59 72 5887 79 352 430 8603 204 252 3475
Topic 8 218 3495 2059 31 155 1235 748 9864 1161 306
Topic 9 650 767 3090 53 3216 13120 2349 79 1289 5212
Topic 10 428 18 1124 15 38 120 46120 6 44 269
Topic 11 1462 138 6503 558 433 861 2520 149 562 547
Topic 12 765 423 7616 346 2602 2154 5942 538 2378 4977

Topic 1: Traffic; Topic 2: Animals; Topic 3: Limbs & Lights; Topic 4: Case Referred; Topic 5: Trucks; Topic 6: Water Leak; Topic 7: Bulky Items;
Topic 8: Vehicles; Topic 9: Trees, Potholes, Limbs, Lights; Topic 10: Trash; Topic 11: Houses; Topic 12: Property Maintenance

Topic Terms: T1 Animals; T2. Lights, Signals, Signs; T3. Property Violations; T4. Public Health; T5. Public Safety;
T6. Street, Sidewalks; T7. Trash; T8. Vehicles; T10. Water; T11. Other

Table 6. Topics and Dominant 311 Service Categories

Traffic Citizen calling to report the traffic lights going north and south are stuck on red and going east
and west the lights are stuck on green. Red Bridge and Hickman Mills Dr.

Animals The citizen is reporting a dog bite that happened at this address. The incident happened on
06/15/16 between 6:30p and 7:30p The bit a human victim and another dog. The attacking dog is
white with black.

Limbs & Lights Citizen is reporting twol street lights out. The two pole numbers are SDM1010 and SDM1011.
Case Referred The citizen is requesting a callback in regards to case number 2015072174. The note from 7/9/2015

states that a letter was mailed to the citizen on 6/5/2015 and the citizen has not received the letter.
Trucks No snow plow or salt truck has been down the street. I know deadends are last but it said to wait

36 hours and it has been longer than that. Thank You.
Water Leak Citizen called to report water leak. Water leak is located in the street around this address. Water

is clear and odorless. Water is trickling from both sides of the pavement.
Bulky Items Citizen s requesting bulky appointment but address is not in the scheduler.
Vechicles Citizen is calling to report an abandoned white Chevy van sitting in front of this location. The

van has been sitting on the street for months.
(1) Trees, Pot-
holes, (2) Limbs,
Lights

(1) The caller is reporting two ROW trees located at the curb be removed due to the roots of the
tree are buckling his sidewalks. (2) Citizen reports city oak trees located on the right of way along
W 69th Ter and Ward parkway need to be trimmed.

Trash Citizen called to report had 2 bags of trash out said that the trash truck collected 1 bag and left
the other, also did not collect neighbors trash.

Houses The citizen is calling to report that the house is open to entry. The doors and the windows are all
off.

Property Mainte-
nance

The citizen reports the grass and weeds are overgrown in the front and back yard. There is brush
in the yard. The yard has not been mowed in over 2 months now.

Prophet forecasting model showed superior performance when compared to the deep learning
models (Table 8).
Discussion of the Time-series Mode The time-series model shows a steadily decreasing trend
overtimes, which suggests an improvement in the performance of the city service. The cases that
were used to take around 80 days to resolve in 2015 were solved in under 20 hours in 2020. The most
significant improvement was “Animals", “Government", “Mowing", “Vehicles", and “Water". “Capital
Projects," “Public Safety," “Sidewalks," “Signs," and “Trees" have a slower and flatter downward trend.
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Table 7. Topics and Minor 311 Service Categories

T1 T2 T3 T4 T5 T6 T7 T8 T9
Topic 1 100 381 14 335 3 4 0 0 124
Topic 2 1 28 2 5 2 0 0 0 0
Topic 3 10 58 3 33 3 1 0 0 1
Topic 4 43 232 41 207 10 10 21 3 18
Topic 5 42 407 51 300 13 2 25 59 36
Topic 6 28 62 14 17 5 2 1 1 1
Topic 7 12 56 8 40 19 9 1 0 0
Topic 8 34 70 6 94 9 0 4 0 151
Topic 9 102 308 15 275 20 12 0 0 16
Topic 10 10 42 0 18 6 0 0 0 0
Topic 11 23 132 12 42 6 1 4 0 2
Topic 12 88 878 23 140 35 16 7 1 7

Topic 1: Traffic; Topic 2: Animals; Topic 3: Limbs & Lights; Topic 4: Case Referred; Topic 5: Trucks; Topic 6: Water Leak; Topic 7: Bulky Items;
Topic 8: Vehicles; Topic 9: Trees, Potholes, Limbs, Lights; Topic 10: Trash; Topic 11: Houses; Topic 12: Property Maintenance

T1. Parking; T2. Parks Recreation; T3. City Facilities; T4. Legal; T5. NA; T6. Maintenance; T7. Neighborhood; T8. Noise; T9. Traffic

Fig. 8. 311 Service Category Wise Time Prediction

Table 8. 311 Time Series Predictive Model Accuracy

Model Name MAE MAPE
LSTM 9.71 105.63
LSTM + Window 7.81 79.33
LSTM + Time Steps 5.70 65.87
LSTM + Memory 7.44 84.50
Stacked LSTM + Memory 7.84 93.62
DCNN (SeriesNet) 14.20 210.32
Prophet (Proposed) 3.45 14.38
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Fig. 9. 311 Call Time Series Validation

“City Facilities," “Dangerous Building," and “Lights" exhibit strong seasonality, without a significant
downward or upward trend. “Property Violations," “Public Health," “Street," and “Trash" show highly
idiosyncratic patterns; the outbreaks of the problems rather than seasonality influences service
time. These are the most problematic areas of 311 service delivery.

6 DISCUSSION
This study aims to address the “how" question of bringing communities into the loop of city
service co-production. The methods were three Deep Learning/Machine Learning models that
generated “process intelligence." The three models serve different communication purposes. The
BERT classification models facilitate internal communication with departments and workgroups.
They can predict the service categories and the service departments. The LDA topic model, the Bal-
anced LDA+BERT clustering (BLBC) model, and the time-series prediction model facilitate external
communication with the residents. The classification models and the BLBC model can map onto
each other via the relationship between service categories and main topics/themes of complaints.
The time series forecasting model provides an estimated time of service delivery. Connecting the
intelligence from each model is key to “artificial process intelligence." Our following discussion
will focus on the implication of this study on creating a support system for communication and
planning and the long-term goal of community-in-the-loop city-residents co-production.

First, the “artificial process intelligence" can support human operators by offering recommenda-
tions on service departments, service categories, and predicted delivery time in real-time. This is
an important step toward closing the loop of two-way communication. As shown in Figure 10, the
models can help human operators improve the efficiency of the conversation, and provide critical
information of the problem-solving process, reassuring residents that the service will be provided.
Second, being applied as a support system, the models can give suggestions to human experts on
classifying the calls, communicating with the residents, and following up the calls. For example, a
large number of call records (𝑁 = 18, 307) were categorized as “other.” These call records did not
have a service category. They thus were not included in the training of the classification model.
Our analysis showed that the majority of the “other” category belonged to the topics of “Bulky
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Fig. 10. Closing the Loop for Community-in-the-loop

Items,” “Trees and Potholes,” and “Property Maintenance.” The BLBC model can map these topics
onto internal-facing 311 service categories. Accordingly, the BLBC model can suggest a problem
type, and related service categories given the content of a call. As a result, the AI assistant can
reduce the number of cases in the “other" category and potentially improve the efficiency of human
categorization and service delivery.

Based on these models, future studies can develop dialogue agents, who handle 311 calls during
after-hours (by adding automatic geo-location detection). The inductive topic models (LDA and
BLBC) create the foundation for a conversation agent to comprehend an incoming call, respond to
residents’ inquiries, and route the problem to the corresponding service category and the service
department.

Second, the “process intelligence" can support the planning of city management. The LDA topic
model and the BLBC model can supplement existing human analysis by providing summaries of
major problems and discovering the prevalence of these problems. For example, Table 5 and Table 6
show that the major problems in Kansas City are trash, trees/potholes/limbs/lights (combining
Topic 9 and Topic 3), water leak, and property maintenance/houses (combining Topic 11 and
Topic 12). However, the internal-facing service categories ranked the problems differently. The top
service categories were trash, water, animals, and streets/sidewalks. Property violations (N=33,254)
ranked fifth in the internal-facing service categories, in contrast to N = 42,891 cases in the topic
categories of property maintenance and houses. The mapping between property violations from
the internal categorization and property maintenance/houses from our topic model shows that
property violations missed a certain amount of trash issues relating to properties. Additionally,
many cases (𝑁 = 4, 977) relating to property maintenance were put into the “other" category. In
other words, property maintenance/houses may be a bigger issue than the internal categorization
may show. For example, the internal-facing service categorization shows that animals were a bigger
problem than property violations—this contrast echos with some of the local concerns voiced by
the communities. A recent news report by KCUR pointed out that property vacancy and abandoned
houses may be a bigger problem as the Land Bank database may show [5].
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7 LIMITATIONS
The long-term goal of “artificial process intelligence" is to bring communities, policy-makers,
urban designers, and scientists together to solve community issues. While this study has made
advancements on the methodological question of “how to bring communities into the loop," tech-
nologies may not be sufficient to address the socio-spatial disparities in co-production without
human-machine collaboration. Models provide insights and intelligence. “Artificial process intelli-
gence" makes it easier for residents and city managers to form a shared vision of city services and
community development. Human efforts, however, are needed to disseminate and communicate the
knowledge from the models, so stakeholders will trust the technology, trust each other, and form a
consensus. Future studies may need to conduct more research on the acceptance of AI-assisted 311
systems and the diffusion of technological innovation among residents and city management.
In terms of computer-human interaction design, this proof-of-concept study created models

without creating an interface for the application. Thus, collecting human users’ feedback at the
application level is an important next step. The impact of data imbalance issues was more significant
than expected. For less frequent 311 categories, the accuracy of the models’ prediction dropped.
In addition, overlapping or possible hierarchies in complaint categorization were not adequately
addressed in this study. This may potentially reduce the efficiency of the models at the application
level.
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