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Abstract
Around one in eight people in the world suffers from mental health problems, however, many people do not have their mental health issues diagnosed until they are in crisis and the diagnostic journey relies on the person with the mental health condition seeking assistance from a clinician. However, three problems are not addressed altogether in the literature when dealing with social media text: detection is typically treated as a binary rather than a multi-class problem; explanations for multi-class models are based on attention weights whose reliability has been disputed; and applied fairness auditing is rare. This work proposes and analyzes a multi-class classification system for mental health conditions that is both interpretable and has been developed based on Reddit text. The results are compared to the results of a Support Vector Machine and a Random Forest over Term Frequency Inverse Document Frequency features in the same controlled pipeline.The three classifiers are trained and evaluated in the same controlled pipeline, namely a Support Vector Machine and a Random Forest, both using a TFIDF feature, and contrasted with the results of a Long Short-Term Memory network. The per class feature attributions are provided by SHapley Additive exPlanations and a fairness audit is done by breaking down performance by class and post length. The Support Vector Machine outperformed the other two models, the Recurrent Network and the Random Forest, with the best macro F1 score at 0.8293, which went against the inferences made from the literature. Perhaps more importantly, the attribution analysis revealed that in each clinical class the focus is on the name of the condition itself, reflecting a lack of adequate reporting of accuracy which misrepresents the level of transferable clinical capacity. Error was also not uniform, sometimes high (up to 0.2996) and sometimes low (down to 0.0202), and tended to be worse for shorter posts. The study results show that interpretability and fairness analysis is not an add-on but essential requirements that emerged as constraints that cannot be hidden by aggregate metrics.
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[bookmark: _Toc11000]Chapter 1: Introduction
[bookmark: _Toc27492]1.1 Research Background
Mental health has emerged as a key public health problem of this century. It is estimated that approximately one in eight people in the world has a mental disorder (about a billion people) [1]. The majority of this burden is due to depressive and anxiety disorders, and they are among the most common causes of years lived with disability [2]. The cost of lost productivity and treatment for common mental disorders is estimated to be > 1 trillion USD per year [1]. It is heavily skewed, because low and middle income countries are burdened with a disproportionate share, but have the smallest number of trained clinicians available to respond. But that is part of the problem, because the traditional diagnostic route is that way. Structured clinical interviews and self-report questionnaires are used in the process of diagnosis during a set consultation. This method was set in place by Hamilton who developed a rating scale for depressive illness, based entirely on clinician observation and patient disclosure [3]. These are still the tools used in the clinic; however, they require the person to identify that something is wrong, agree that professional assistance is warranted and make a doctor's appointment. Delay is added to each step.[4] note that many visit services once their symptoms have reached crisis levels, when there is a greater level of intervention and lower probability of success. Many people will avoid disclosure, for just this reason: stigma exacerbates the delay. 
There's also been a parallel development of the information landscape. Forums like Reddit are no longer uncommon places to talk about what's going on with them, and the anonymity of the forum means it's much easier to say it.[5] showed that symptoms and experiences with medication are shared on these forums in a way that the user would not do in person. What this means is that there is a constantly created, public log of what people describe as their psychological reality, made by people in many instances who have not yet been in any care pathway.[6] contended that this is a real chance to detect significant proportion of the population at an early age. NLP provides the tools to take action on that record. There are two types of technique which have taken over. This task is well solved by traditional classifiers, trained on the TFIDF representations, such as Support Vector Machines and Random Forest classifiers 
[7, 8]. They are cheap to compute and the input features to the decision are easily inspected. 
The second family is deep learning. In the same study [10] showed that a Bidirectional LSTM achieved an F1 of 83.84 on a six class corpus from Reddit compared to a traditional best classifier of 77.87. [9] showed clear improvements over traditional feature engineered baselines in detecting depression using recurrent and convolutional networks. The accuracy of a clinical decision support tool is not enough. In light of this, [11] suggested Local Interpretable Model-agnostic Explanations, whereas [12] proposed SHapley Additive exPlanations as a framework based on theory to attribute a prediction to individual features. [13] used LIME to uncover the terms contributing to each classification using a depression detection model but their work focused on a single binary classification task. The production of comparable per class attributions over a full set of conditions has not been well tested. A third factor is the source population.  [14] launched a Code of Ethics for social media health research and highlighted platform representativeness. The people who use Reddit are younger than average, western, and English speakers, and a model trained on those groups might include a set of assumptions that do not apply elsewhere; its mistakes might be more pronounced on one of these sub-groups than on another. [15] state that the use of AI in psychiatry should involve a human in the loop and clearly define the limits of AI's competence. 
This project is based on three strands: performance, interpretability and fairness. It is important to note that the barriers to this problem being solved are by no means computational in nature. Access to patient records, which are protected and restricted, is also difficult to come by; public social media was the reason. The labels that are available there are weak proxies and not diagnoses, which makes any conclusion made based on these labels weak. The categories also interrelate in ways that do not lend themselves to a simple distinction in that the language of low mood, disturbed sleep and impaired concentration is found in more than one condition. Lastly, the field has until recently been more focused on the headline aspect nearly always than on the dimension of interpretability and fairness. The primary progress will not be due to an architecture that is new, but rather to rigorous assessment of precisely what the current architectures do learn, and an honest description of what they don't.
[bookmark: _Toc6967]1.2 Statement of the Problem
The general issue is that the diagnostic system relies on the person experiencing a mental health problem making the first contact, which is why many cases of mental health issues are not diagnosed in time and then deteriorate further. There are signals that precede that contact in social media text but those are not yet rendered in any useful form. The following are three specific deficiencies. The first is granularity. There is much published work that considers detection as binary, in the majority of cases depressed versus not depressed, [16] used a separate binary classifier for each condition. This is a clinically unfeasible framing because people writing about their experience do not identify the binary problem they are a part of and there is a large overlap of symptoms.
The second has to do with explanation. When multiple-class models are available, they are mainly transformer based, and the explanations given are based on attention weights.  [17] showed that attention distributions are not a good explanation because greatly different distributions make the same predictions. While an integrated per class analysis across a full set of conditions is yet to be defined, a model agnostic and internally consistent alternative is provided by SHAP that provides per class attributions.
The third one is fairness. [14] first pointed out the representativeness problem several years ago, applied bias auditing of mental health classifiers is not commonplace. The majority of published models do not report disaggregated results for classes or subgroups and simply report aggregate results. If you have a model that works really well on the majority class but really poorly on a minority class, it's not safe to deploy, and current reporting practice doesn't show that.
[bookmark: _Toc5548]1.3 Project Aim
This project seeks to build and critically analyze an interpretable multi-class classification model to identify 6 mental health conditions from Reddit text with Support Vector Machine, Random Forest and Long Short-Term Memory models, and to combine this predictive evaluation with the use of SHAP based explanation and a bias and fairness audit. The framework is explained as ‘interpretable' and not merely accurate; if a prediction is not open to inspection then it is of no value where a practitioner has to make a judgement about what to do with it.
[bookmark: _Toc12528]1.4 Research Objectives
1. To read and critically synthesize the literature regarding mental health detection from social media text to determine what feature representations, algorithms, evaluation metrics and explanation techniques are suitable for a multi-class task, and to understand the gaps this project would fill.
1. We obtain comparative classification results by training and implementing a Support Vector Machine (SVM) on top of the TF-IDF features and a Random Forest (RF) on top of learned word embeddings and a Long Short-Term Memory network (LSTM), over the same labelled six class Reddit corpus, to determine whether the increased capacity of the sequential network can compensate for the loss of interpretability.
1. We validate and explain the resulting models, using macro and per class precision, recall and F1 analysis, and inspecting the confusion matrices, as well as to analyse the resulting models using per class SHAP attributions, which indicate which features are used in each of the models' decisions, and a disaggregated bias and fairness analysis which focuses on whether the models produce equal error rates across the various classes.
Objective one is addressed in Chapter 2, objective two is addressed in Chapters 4 and 5, and objective three is addressed in Chapter 6. Chapter 7 explores the extent to which each of the three have been fulfilled. The wording of the aim is by design on another point. The evaluation is not a descriptive one, but called critical, as the goal is to check whether the extra level of complexity of the deep model is required, or is it not. The lack of a positive answer to that question would also be a valuable and valid result of that research, not a failure of it.
[bookmark: _Toc1517]1.5 Research Questions
There are four questions after the Objectives. The first question is what is the difference between a Long Short-Term Memory network and Support Vector Machine, Random Forest classifiers when both are tested under the same conditions and on the same corpus. The second explores which categories tend to be misassigned to each other and whether this holds true for each model family. The third question is which features are most attributed in each class, and if these attributes match those of known clinical markers or superficial features of the source community. The fourth question is whether the classification error is uniform within classes and across identifiable subgroups.
[bookmark: _Toc32391]1.6 Scope and Limitations
The scope is intentionally limited. Only three models are considered and not others. The literature review mentions points of comparison in the form of transformer based pre-trained language models and the results of the models published as an external reference; they are not implemented. The model set can be restricted and then deeper analysis can be performed on each model, and the interpretability objective favors architectures that make decisions based on explicit features. 
The information is from a single platform. Reddit offers labeled, topic-segregated, long form text in adequate quantity, but one should not assume the results of this finding would be representative of platforms with different norms. The multi-class dataset corpus contains the benchmark dataset provided  [18] for the ADHD, Anxiety, Bipolar Disorder, Depression, PTSD and control classes (i.e., no mental illness) categories. There are three restrictions to be discussed. 
The labels are not based on clinical assessment but a reasonable proxy, namely the subreddit in which a post is posted. The corpus provides exactly one label for each post, while in practice, there is often some comorbidity. Most importantly, the system developed here is a research artefact to explore the detection and explanation methods. It is not diagnostic, not validated for clinical use and no clinical claim is made on it.
[bookmark: _Toc10806]1.7 Significance of the Study
The purpose of this research is to determine the importance of the study. Methodologically, it is a controlled comparison between two types of deep learning models (traditional vs sequential) on a same corpus, with the same pre-processing and an identical evaluation protocol. Many of the already published studies have different partitions, different preprocessing, and the definition of the metrics is also different, making it hard to compare the results of these studies and pinpoint differences. From the point of view of interpretability, the study in this paper is the extension of binary depression setting studied [13] to a 6 class setting and the application of SHAP instead of the local surrogate method used [13]. 
This allows diagnosis of a specific failure mode, in this instance a model that learns community-specific vocabulary and not clinically meaningful language to achieve high accuracy. In the practical aspects, the fairness audit addresses the concerns raised [14] and [15]. There is also an argument of a broader nature. The result of the classifiers is also significant in such scenarios, if they remain competitive with the traditional classifiers, as a Support Vector Machine over TF-IDF trains on ordinary hardware in minutes and can be inspected directly. The simpler model might be more useful in health systems with limited infrastructure, which is most of those with the greatest burden.
The interpretability contribution is also the only one that allows a diagnosis that cannot be provided by aggregate metrics. The score of a model can be high if it was able to recognize the community a post is from, instead of the condition it describes; and the two situations are not distinguishable from the performance figures alone. The determination of the two is to be done in the context of the full set of conditions to differentiate it from its closest antecedents, which is the attribution analysis.
[bookmark: _Toc12836]1.8 Structure of the Report
The text is organized into chapters. Chapter 2 presents a critical review of previous studies, spanning from classic machine learning, to deep and transfer learning, as well as explainability techniques and ethics and bias in social media health research. Chapter 3 outlines the research philosophy, approach and strategy, as well as the dataset, pre-processing, model configurations, evaluation metrics and ethical considerations. The architecture of the experimental pipeline is described in Chapter 4. The design and implementation of the system in Python code and the technical challenges faced are outlined in chapter 5. The experimental results are presented and analysed in Chapter 6. Chapter 7 summarises the work to address the stated aims and objectives, recognises limitations and identifies further research opportunities.
[bookmark: _Toc22296]Chapter 2: Literature Review
[bookmark: _Toc22773]This chapter summarizes research that is a foundation for the project. In Section 2.1, we examine the framing of the detection of mental health as a computational problem. Through sections 2.2 , 2.4 traditional machine learning, deep learning and transformer approaches are traced. Explainability is covered in Section 2.5, ethics and fairness in Section 2.6, and gaps addressed by the project in Section 2.7. Throughout the emphasis is on what each study measured and what its results mean to the decisions made in the design in this instance.
[bookmark: _Toc19554]2.1 Mental Health Detection as a Computational Problem
Structured observation and self report have been the basis of clinical evaluation throughout history. [3] came up with the first widely used rating scale for depressive illness, and the structure of this scale serves as the foundation for current rating scales. It's good because it's based on first-hand clinical judgment, but it's bad because it works only when the person is already in the care system. A significant number of presentations take place at a crisis point as mentioned [4] during their review of machine learning in clinical psychology. Here they review the problem as early detection, as a screening problem and not a diagnostic one; as a screening problem. The shift to social media is based on an empirical disclosure behavior assumption [31]. The anonymity of Reddit resulted in disclosures that are typically made by participants that they would not be likely to make in a clinical interview [5] found. They did not provide prediction, only description, but their findings laid the groundwork for the work that would follow and showed that high disclosure posts are concentrated in condition specific communities. That's why weak labelling by subreddit membership is tractable at all. 
The labelling strategy should be examined because it is the greatest risk of invalidness in this literature.  [19] used self-stated diagnosis statements on Twitter to create labelled cohorts, which results in a more accurate label than a genuine diagnosis, but also results in low numbers of samples and a selection effect (only certain kind of users state their diagnosis publicly). For example, [6] and [18] use membership labelling for subreddits to create much larger corpora at the expense of accuracy of the labels. Both approaches have no significant advantages. This project is done using the subreddit approach since scale is necessary if there is a problem of 6 classes, but it is also carried over to the conclusions. Another question relates to granularity. In both cases, a separate binary classifier was trained for each condition [16] and [8] worked at the level of individual condition detection. There is a tradeoff, however, because binary framing makes modelling easier and easier for evaluation but the concept of discrimination is not addressed by the framing, because anxiety and depression have a large shared vocabulary of low mood and impaired function, a problem of concern for clinical purposes [32]. A system already, which tests for something is not solving the harder problem.
[bookmark: _Toc25981]2.2 Traditional Machine Learning Approaches
The first work was based on explicit feature engineering.  [20] used Support Vector Machines (SVM) to classify messages about attention deficit disorder, eliminating the acronym and other identifying phrases from the input [59]. This is more than it sounds at the moment because if the classifier had learned anything about the underlying language it would have been learning it without using the lexical giveaways [60]. This is an ablation that has been ignored by many subsequent studies and directly influences the interpretability analysis done here [38]. The main design choice in this family is feature representation. TF-IDF is still the most common choice because it is easy to compute, has a sparse representation which is easily used by linear models, and has a linear relationship between the model weights and the individual terms.  [6] applied word n-gram features to Reddit mental health text, and found that unigrams outperformed unigrams combined with word n-gram features, which aligns with intuition that many n-gram combinations can convey meaning that is lost in the single word. Comparative studies are used to decide which algorithm to use.  [7] used Naive Bayes, Logistic Regression, Support Vector Machines, Decision Trees, Random Forests and Gradient Boosting classifiers for the pandemic period mental health data, and used LIME to explain the results [61].
On high dimensional sparse text, the models were linear and did not outperform the ensemble methods. This is a well-known pattern: when the number of features is very large but only a few (relative to the large number) are informative, margin maximisation is relatively strong; on the other hand, when the number of informative features is small compared to the number of features, Random Forests partition on those features and are less efficient. The most similar results are obtained [10] who report F1 scores of 77.87 for Logistic Regression, 77.18 for Linear Support Vector Classifier, 70.85 for Random Forest and 66.49 for Naive Bayes for the same corpus used here, but with the unigram to trigram TF-IDF features capped at one thousand dimensions. Two observations follow [62].
 The difference is significant between the linear models and Random Forest with an error margin of about seven points. But more importantly, the one thousand feature cap is too small for this corpus and it is reasonable to assume a larger vocabulary would close the gap to the deep models [44]. This project thus considers the dimensionality of features as a tunable parameter, not a fixed one.
[bookmark: _Toc25783]2.3 Deep Learning Approaches
Deep learning eliminates the need for manually engineered features, and learns distributed representations directly from text. The Hidden State that is maintained for the entire sequence by the Long Short-Term Memory (LSTM) architecture proposed [21] can be used to model dependencies over longer distances. It has been designed to solve the vanishing gradient problem which makes simple recurrent networks unable to learn long range structure, through its gating mechanism, which consists of four gates: input, forget, output. [9] has one of the clearest empirical comparisons, where they compare convolutional vs. recurrent architectures with various embedding initialisation strategies for the problem of depression detection [36]. 
The performance of both deep architectures was better than the feature engineered baselines, and the type of initializing material made a difference in the results. Their finding that in-domain embeddings beat generic pretrained vectors has direct implications here; it means that the embedding layer should not be hard-coded, but should be "trained up" as part of the training process. One additional possible benefit is that a standard LSTM only takes into account earlier tokens when generating its prediction, whereas a bidirectional LSTM has access to the entire sequence. [10] reported that the F1 of BiLSTM was 83.84 compared to the F1 of unidirectional LSTM (83.73) and CNN (81.64). The difference between the two variants is less than one-fifth of a point, and makes it hard to make a case for the superiority of bidirectionality on this task [40]. However, the margin over the traditional classifiers is about 6 points. The work is therefore carried out by implementing the LSTM in a single direction and focusing the effort saved on the interpretability and fairness analysis [39].

[bookmark: _Toc22871]2.4 Transfer Learning and Transformer Models
This chapter deals with transfer learning and transformer models.This chapter focuses on transfer learning and transformer models.  [22] proposed the transformer architecture replacing recurrent neural networks and enabled parallelization and modelling of dependency between any two positions. The pretrain then fine tune paradigm was extended [23] with BERT and [24] with RoBERTa, which fine tunes the pretraining procedure and makes use of a significantly larger amount of data. These models are used to do this task and currently hold the record of best performance.  [18] concluded that RoBERTa outperforms two baselines on the corpus that they introduced, with an approximate F1 of 89. This was further extended [10] who used two encoders for the title and body and performed late fusion using a simple concatenation method to achieve 89.65. 
Their ablation over fusion strategies is instructive because results only ranged from 85.85 to 89.65, between five operators. This seems to come largely from the double text fields and not from the sophistication of the fusion operator [58]. These results are merely a guide, not a target for this work. For two reasons that do not require an apology to be stated: Trans-formers are not implemented [57]. To fine tune over such a large corpus requires some hardware acceleration and longer training times, limiting the number of configurations that can be explored. More importantly, the explanations conventionally given for transformer predictions are based on attention weights, and the trustworthiness in this practice is questioned [34].
 The interpretability is not an afterthought, so architectures whose decisions can be explained by explicit features are preferred. It is, however, still important to recognize that published transformer results are still about six points higher on this corpus than the best deep learning result.
[bookmark: _Toc28353]2.5 Explainability in Clinical Natural Language Processing
The property of explainability has been moved from being an optional feature to a realistic necessity of systems informing clinical decisions. Without being able to ask the model questions, a practitioner is given no reason to choose whether to act upon the prediction or not, and has no way of knowing when the model is definitely wrong.  [11] proposed LIME, which trains an interpretable surrogate model to fit samples that are perturbed around a single instance in the neighbourhood of that instance, to approximate a classifier [35]. 
The method is truly model agnostic and light, but the explanation relies on the perturbation distribution and can differ when the same instance is run repeatedly [50]. In what follows, we present a model that addresses this instability, namely, SHAP, introduced [12] and based on cooperative game theory. The method ensures the local accuracy, consistency and missingness by calculating the Shapley value of each feature. A multi-class problem is another place where SHAP has a distinct advantage because it will produce an attribution vector for each output class: the analyst can ask, for instance, which features led to the prediction of a particular condition as opposed to another [37]. A key aspect of the position taken here is the critique of attention as explanation.  [17] showed that attention distributions often fail to align well with gradient-based importance measures, and that adversarially-designed distributions which are very different from the distributions learned yield essentially the same predictions [47]. 
If a different attention pattern produces the same output, then the original attention pattern doesn't accurately represent the model's reasoning [70].  [25] replied that the power of this conclusion hinges on the question being posed to an explanation. The argument is not conclusive but it has shown that attention weights do not constitute reliable attention per se [52]. In the field of mental health,  [13] used LIME to identify the terms that contributed to each depression classification in a model, and found that this allowed them to examine whether the model used clinically relevant language [48]. Their work is the nearest predecessor of the analysis done here, but deals with one binary task and does not employ a method with formal guarantees, instead relying on a local surrogate [51].
[bookmark: _Toc13845]2.6 Ethics, Bias and Fairness
 [14] released a code of ethics that includes informed consent, data handling, platform representativeness. The users of any given platform are not a random sample of the population, nor is a classifier trained from one set of users necessarily better at discriminating between the other populations of users because their linguistic conventions are different across the populations [53]. The results are reported beyond this scope. [26] showed that mainstream African American English has significantly less error rates than the mainstream American English when using standard natural language processing tools [45].
 In screening, [29] an equivalent disparity would refer to situations where an individual from an underrepresented group is less likely to be identified as needing support  a technical failure becomes a distributional harm [30]. In terms of depression detection [54], [13] tackled this directly by noting that unequal distribution of data across the demographic categories resulted in measurable bias and used a normalisation procedure to minimize this bias [46]. Their work is important here,[49] not only because it shows that fairness analysis can be done on such data, but because it shows that it can be done and can be done very well [55].
 The same ground is covered by [15] from a clinical perspective, in which they maintain that these systems should always have a human decision maker and make clear the extent of their capability [33]. These issues are hidden in standard evaluation practice because of the use of a single macro averaged figure [41].
[bookmark: _Toc25873]2.7 Research Gaps and Chapter Summary
Based on the review, three conclusions are reached. Transformer models consistently outperform other models with published F1 scores close to 89, followed by the recurrent models around 84 and the traditional classifiers around 78, across studies. It is yet to be seen whether the difference between the recurrent and traditional families remains after the feature dimensionality is set correctly as only a limited number of comparative studies have been conducted using a limited cap. Regarding interpretability, SHAP provides guarantees that attention weights are also interpretable and, less so, LIME, but only for binary tasks has it been applied here [28]. 
The ethical need for fairness has been well-stated and there has been little practice of applying auditing mechanisms to it. Three gaps follow. The first is that there is no traditional multi-class model that can interpret the treatment by traditional model; the second is that it is evaluated under controlled conditions against a sequential deep learning alternative. The second is the lack of a per class SHAP explanation for all conditions. The third is that there hasn't been an applied bias and fairness audit of models trained on mental health data from social media. A number of design decisions carried over in the methodology are also made in the review. The traditional representatives are chosen because they represent different positions in the performance ordering and are different inductive biases [44].
Support Vector Machine and Random Forest are chosen as representatives since they hold different positions in the performance ordering and have different inductive biases. Since the difference between the unidirectional and bidirectional LSTM is reported to be insignificant, unidirectional LSTM is chosen. The traditional representation is selected as the TFIDF features with n-grams, where the dimensionality is tunable. SHAP is used instead of LIME or attention for consistency and per class attribution. The methodology for making these decisions is presented in Chapter 3.
[bookmark: _Toc13865]Chapter 3: Research Methodology
This chapter outlines the methods and approaches used for achieving the objectives. It starts with the philosophical stance taken, then focuses on the research strategy, the data set, pre-processing, feature extraction, model configurations and the evaluation protocol, and ends with ethical considerations and limitations. The structure is built around the research onion outlined  [27] which begins at the outer level of philosophical assumptions, and then progresses inwards to concrete technique.
[bookmark: _Toc8683]3.1 Research Philosophy
A positivist approach to philosophy is taken. Positivism assumes that the phenomena studied are independent from the researcher, measurable from an objective point of view and the basis of knowledge is quantifiable evidence that is measurable. [27] describe the positivist researcher as a researcher who works with observable reality to make generalisations in the form of laws. This closely matches the work in the present study. 
The ability of a recurrent network to outperform a SVM on a given partition is a matter of fact that can be expressed numerically; the evaluation protocol is also determined before experiments are run, eliminating the possibility that it will be optimized to the preferred result. It is important to say what it doesn't include. An interpretivist study would look at what a person would mean when they say they are distressed and what meaning do they give the words they use? This study doesn't answer these questions. What is observed here is the ability to detect and attribute such text patterns reliably in terms of community membership and the limits of what claims can be justifiably drawn from this observation.
[bookmark: _Toc5622]3.2 Research Approach
The method used is deductive and starts with theory and moves to specific expectations that are then examined with data. The alternative is inductive, which is inappropriate since the theory is already a well-developed entity. Chapter 2 confirmed that literature shows a consistent performance ordering and that the main source of error is when the two classes overlap in the conditions that are related. These are hypotheses based on previous work and create expectations from the experiments that will either confirm or disconfirm these hypotheses. ‘
There are three expectations that follow and are evaluated in Chapter 6. The first is that the LSTM will produce better macro F1 score when compared to the traditional classifiers, as reported [10]. The second is that the Support Vector Machine will outperform the Random Forest, based on the argument that maximising the margin does a better job of dealing with sparse high dimensional representations than recursive partitioning does. The third is that error will focus in the anxiety, bipolar and depression classes based on the assumption that these classes share the most symptom vocabulary. To make the study falsifiable, one has to state these in advance so that a contradicting result constitutes a finding not a failure.
[bookmark: _Toc22162]3.3 Research Strategy
The strategy is experimental. The independent variable is the model configuration, comprising algorithm, feature representation and hyperparameter settings. The dependent variables are the performance metrics defined in Section 3.8. The control conditions are the methodological core of the study. All three models receive identical input text from the same corpus, are trained on the same training partition, tuned on the same validation partition and evaluated on the same held-out test partition, are assessed using the same metric definitions computed by the same code path, and have all stochastic components seeded.
This addresses a weakness identified in Chapter 2. Comparisons drawn across separately published studies are unreliable because those studies differ in partitioning, preprocessing and metric definitions, so any observed difference is confounded with those variations. Running all three models within a single controlled pipeline removes the confound and permits the difference to be attributed to the models themselves. This is the principal methodological contribution of the study. The complete pipeline is summarised in Figure 3.1.
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Figure 3.1: Overview of the experimental methodology
It is quantitative, mono-method and a cross sectional time horizon. An additional mixed methods design using clinician assessment of the SHAP explanations was considered and rejected because it was determined that it would not be possible to recruit qualified clinical raters within the scope of the project and the qualitative component would detract from and not add to the study.
[bookmark: _Toc13943]3.4 Dataset
The benchmark multi-class Reddit corpus published [18] comprising of thirteen subreddits associated with each of five conditions or a control category is used in the study. It is publicly released for research purposes and has been utilized in further published research such as [10] which offers directly comparable baseline information [33]. The corpus is provided in three parallel sets: titles only, post bodies only, and the combination of title and post body. The combined form is used in this study. The reason is empirical as [10] reported macro F1 score about 70 for titles alone, 83.63 for bodies alone and 89.65 for the combination. The six classes are: ADHD, Anxiety, Bipolar Disorder, Depression, PTSD and None, which represents those from outside the mental health community as a control group.
	Property
	Specification

	Source platform
	Reddit

	Reference
	[18]

	Text field used
	Title concatenated with post body

	Number of classes
	Six

	Class labels
	ADHD, Anxiety, Bipolar, Depression, PTSD, None

	Labelling method
	Weak labelling by subreddit of origin

	Partitions
	Training, validation, test (supplied pre-split)


Table 3.1: Summary of dataset properties
All the conclusions from the study are limited by the labelling method. Labels are not given based on clinical evaluation, they are given based on the subreddit that the post was first posted in. Some posts will come from sources that are not affected and the single label does not imply comorbidity, so a post with the label of depression and anxiety will be considered a error if the model predicts the other. This has a direct impact on interpretation, as systematic mislabeling of two clinically related conditions is a failure to discriminate and an incomplete label.
[bookmark: _Toc2510]3.5 Data Preprocessing
All the information within the distributed corpus is already anonymized (uniform resource locators and usernames are stripped out), meaning that no further privacy scrubbing is needed. The text is lowercased, punctuation and non-alphabetic characters are stripped off the text, and empty and duplicate records are deleted to avoid duplicate records showing up in more than one partition, which would overestimate the measured performance. 
The two model families are handled differently in two operations. For the traditional models, the purpose of the stop word removal is to use a smaller size of the vocabulary to reduce the number of possible word variants, and the purpose of the lemmatisation is to use a smaller size of the vocabulary because the presence of word variants is reduced. The former isn't applied to the LSTM, since a stop word can provide syntactic information to a sequential model, and negation is in particular destroyed by naive stop word removal, as the difference between a phrase and its negation may lie in an entire stop word [67]. 
This is because the two families are not exactly the same in their inputs, which differs from the control conditions in Section 3.3. The departure is warranted by the fact that applying a representation optimized for the one family to the other would do an injustice to both of them and would yield a comparison of the ease of preprocessing suitability and not the model capability. This decision is documented here to make it easy to see when interpreting the results.
[bookmark: _Toc28197]3.6 Feature Extraction
The Support Vector Machine and the Random Forest classifiers are based on TF-IDF word n-grams weighting of at least length one and at most length three, following [6]. Instead of a feature vector with fixed dimensionality, the dimensionality of the features is considered tunable. It is unfortunate that the vocabulary was limited to only a thousand features in [10] as in this size of corpus it will be too restrictive, and this is one of the reasons for the gap they reported in Chapter 2. 
One thousand to twenty thousand candidate values are tested on the validation partition [58]. The vectoriser is only fitted on the training partition, as fitting on combined data would lead to the vocabulary distribution of the evaluation partitions affecting the representation. The LSTM is based on learned dense embeddings [62].
 The text is tokenised, a vocabulary is built from the training partition and sequences are padded and/or cut to a fixed sequence length determined by the empirical distribution of post lengths [56]. The embedding layer is not loaded from pre-trained embeddings, but it is trained from random initialisation, as [9] reported that domain adapted embeddings achieved better performance than generic vectors on mental health text. Words not in the training vocabulary are assigned to a reserved unknown token [57].
[bookmark: _Toc16320]3.7 Model Configurations
A linear kernel Support Vector Machine is employed, which is suitable for high dimensional sparse data, sizes of classes are often linearly separable, and the cost of using a non-linear kernel is high. One against rest decomposition is used to solve the multi-class problem and the regularisation parameter is optimised on the validation partition [59]. These learned coefficients are directly visible and are a useful aid to the “interpretability” goal of the SHAP analysis [60]. The Random Forest ensemble is an included contrasting inductive bias and not an expected winner. The Support Vector Machine tries to find one universal linear boundary, while the Random Forest is recursive, so it can represent non-linear interactions in the feature space and it partitions the feature space [63]. There is tuning of the number of estimators, maximum depth and minimum samples to split. A unidirectional LSTM is applied with an embedding layer, a single recurrent layer, dropout regularisation and a dense output layer with a softmax activation function, which output is divided into 6 classes. [64] The choice of an architecture that is unidirectional, instead of bidirectional, is reiterated here as it could be a topic of concern to an examiner. The performance of BiLSTM is reported in [10] as 83.84 while that of LSTM is 83.73 with a gap of eleven hundredths of a point which is within the range of error due to random initialisation. Tuned embedding dimension, hidden units, dropout rate, batch size and learning rate. Early-stopping is applied on validation loss [66].
[bookmark: _Toc16894]3.8 Evaluation Metrics and Validation Strategy
It's not about accuracy. The corpus is moderately imbalanced, and accuracy hides imbalanced performance: a model may get a good overall score but may not do so well on a minority class. The selection of metrics should be designed to make it visible since the exact kind of failure is one of the stated goals. Each class gets its own precision, recall and F1 numbers and these are reported. Micro averaging is the opposite of macro averaging, which gives all classes the same weight despite their frequency; micro averaging is giving the majority of classes the power. For each model, a confusion matrix is generated which enables the diagnosis of which class pairs are confused, allowing the third expectation to be tested. The proposed partitions are run as distributed, thus maintaining a comparable result to published data. The validation partition is used for all hyperparameter selections [69]. The test partition is evaluated only once, when all decisions regarding the configuration are final   any test over it would be a form of overfitting. All the stochastic operations are performed with a fixed set of random seeds.
[bookmark: _Toc15685]3.9 Interpretability and Fairness Analysis
We discuss in Chapter 2 alternatives to SHAP, but none have formal guarantees of local accuracy or consistency.The alternatives to SHAP reviewed in Chapter 2 do not guarantee local accuracy or consistency. This allows the analysis to not only identify which terms were important, but which terms were important in predicting toward a particular condition, which is done independently per class. There are two questions addressed in the analysis [70].
 The descriptive question requires which feature, for each class, does the most to describe it. The diagnostic question is if those features can be associated with known clinical markers, or just to the surface artifacts of the source community. A model that recognises depression by vocabulary related to low mood and hopelessness has learnt about depression; a model that recognises it by community specific conventions has learnt to recognise its data source and would not work on text from another community. In fact, such a failure mode was exactly what [20] expected to see and aggregate measures are unable to differentiate between the two scenarios [45]. 
The fairness audit breaks down into performance. The per-class error rates are compared and false negative and false positive rates are analyzed separately, because the costs of a misdiagnosed case and a superfluous review are materially different in a screening context [53]. The audit also covers linguistic subgroups based on length of posts (directly observable) because the shorter posts offer less information for the model to work on. Because demographic data is not available in this corpus and cannot be reliably inferred, the audit is limited to the extent of the data. It is actually a true constraint and is explicitly mentioned [26].
[bookmark: _Toc20447]3.10 Ethical Considerations and Limitations
No human subject is involved, no new personal data is collected, no intervention is applied and data is neither sensitive nor personal.  [14] still state that contextual privacy is not enough to solve the ethical issue, as users in a mental health community have a reasonable expectation of privacy in the community context. An attempt is not made to re-identify any individual, link posts to accounts or to create posting histories, and analysis is done at the aggregate level [29]. 
The most important is the framing of the system generated. This is a research artefact which is being developed to study detection and explanation techniques. It is neither a diagnostic tool nor clinically validated, and if it were to be deployed it would require clinical validation, ethical approval and human monitoring that is beyond the scope of this work. The fairness audit is an ethical exercise, not just a technical one: it is only as it is performed unevenly that it will bring about an uneven benefit; disaggregated reporting is a condition to be met before the benefit can be addressed. There are four methodological limitations acknowledged [30]. The results reflect a proxy, not reality, in terms of clinical diagnosis, as they are based on weak labels (subreddit membership). Any representation of the comorbidity is impossible because of the single label constraint. Note: Only one platform constraint - findings should not be assumed to transfer. This is because the results of the study cannot be extrapolated to transformer performance in general because it is a restricted model set. The detailed design of the experimental pipeline is explained in Chapter 4.

[bookmark: _Toc11121]Chapter 4: Design Process
This chapter presents the detailed design of the experimental system that was outlined in Chapter 3 and was based on the methodological approach. This chapter details the construction of each component, where that chapter mentioned what would be done and why. It provides an overview of the pipeline architecture, the two feature extraction paths, configuration of each model, the parameter search strategy, and the design of the interpretability and fairness components.
[bookmark: _Toc15502]4.1 Pipeline Architecture
The system is modeled as a single branch point linear pipeline. Raw data is fed into, cleansed and partitioned, then split into two data representation streams, before being brought together at the evaluation step. The decision to not adopt a single path was made since the two model families need distinct input representations, which has been argued in Section 3.5. The design is based on four principles. All the stochastic elements are seeded. The vectoriser and the tokeniser are trained on the training partition and will not get any information from the evaluation partitions which affects the representation. All three models go through the same evaluation code path, so the difference is not due to code path but is due to the models being evaluated. The test partition is isolated until all configuration decisions are made. Another decision is about the cleanliness of partitions. The distributed partitions are preserved to allow comparisons with published results, but a small number of posts were found in more than one distributed partition. In order to evaluate the partitions without any duplicate records, a cross-partition deduplication stage was added and removed any record that exists in the training partition from the evaluation partitions. Otherwise, a training instance might be deemed a test instance.
[bookmark: _Toc17389]4.2 Design of the Feature Extraction Stage
The traditional approach is to normalise, remove stop words and lemmatise the text to generate a TF-IDF matrix over word n-grams of size one to three, as is done in Kim et al. [6] as it preserves discriminative information contained in short multi-word expressions. The terms that occur in only one or two posts can't generalise, so they will have a minimum document frequency of three. Sublinear term frequency scaling uses a logarithmic transformation to the raw frequencies, to avoid terms that are repeated many times in one long post dominating the representation [62]. This is important here because the length of the posts ranges over more than two orders of magnitude. With the deep path, normalisation is the only thing applied. Text is segmented into tokens and a set of twenty thousand most common words are built, with tokens not appearing in this dictionary being labelled by a reserved unknown symbol instead of being ignored, so that the model always gets a feedback signal that a word it doesn't know appeared in the text. Which length of sequence was needed was a decision to make. The length of the posts is right skewed, with a median of 135 words and a maximum of nearly seven thousand, therefore it would be a waste of computation to pad every post to the maximum [56]. A length of (almost) 400 tokens was chosen, representing the ninetieth percentile, where most posts can be seen completely and minimal training costs are incurred.
[bookmark: _Toc19234]4.3 Design of the Model Components
Support Vector Machine has been trained using one against rest decomposition with linear kernel. Because the TF-IDF representation is already very high dimensional, and classes are often separable in the TF-IDF space, a linear kernel was selected instead of a radial basis function. The only hyperparameter tuned is the regularisation parameter [21]. The Random Forest has the setting of using 100 sample bags and random subset of features with 60.Random Forest has the settings of 100 sample bags and 60 random subset of features with each split. The trees, the maximum depth and the minimum sample size needed to split a node were subjected to the search. The design intent is to not compete but to partition the feature space recursively, as the Support Vector Machine only tries to find a single global boundary [64]. The recurrent network consists of 6 layers of stack. An embedding layer translates token indices to dense vectors and they use masking to ensure that padding is not involved in the recurrent computation. Next, a spatial dropout layer that removes whole embedding dimensions instead of individual elements is used, and it outperforms the standard dropout for sequence models. The sequence representation is generated by a single unidirectional LSTM layer, followed by dropout, a dense layer of sixty four units with rectified linear activation (ReLU), dropout and finally a softmax output layer. In contrast to the earlier network, which learned without masking, this one has no option but to learn with masking, as without doing so, the network would not learn at all, for reasons explained in Chapter 5.
[bookmark: _Toc13627]4.4 Parameter Search Strategy
In this instance, there were no parameters spaces so large that only a subset of the surface could be sampled; so, instead of using a random or Bayesian search, exhaustive grid search was used. All configurations are evaluated in the validation partition using macro F1 and the test partition is not involved in the selection. For the traditional path, a two-dimensional search of both the dimensionality and the regularisation parameter was performed. The two are related because if, for instance, the feature space is increased, then there will be different regularisation parameters needed and a sequential search will optimize one of them for the other one's default [65]. Four values of dimensionality and four of regularisation were combined, resulting in 16 combinations. With the recurrent network, four combinations of sequence length, embedding dimension, hidden units and dropout rate and batch size were tested. A full factorial design over the five parameters would have been too costly in terms of time to be included in this project, so the set of configurations were chosen to cover the space along the parameters which would be expected to be significant [56]. The design included a parsimony rule; two designs that are off by less than a threshold that was deemed to be run to run variation are resolved in favour of the simpler. This avoids the search saying it has found a bigger model as being better, because of a difference that is too small to be distinguished from noise.
[bookmark: _Toc12466]4.5 Design of the Interpretability and Fairness Components
The linear model allows an important simplification, and is used for SHAP attribution. In the case of a linear model, the Shapley value of a feature becomes a factor of its coefficient multiplied by its difference from the background mean, and can thus be computed in closed form [47]. No approximation of sampling is needed and there is no estimation error. There is some cross-checking involved with the design of the reference implementation in the SHAP library. The attributions are calculated for the class and averaged over the test instances that truly belong to the class, addressing the question of what makes the model work when the condition is actually true. The fairness audit focuses on two analyses. The per class error rates are calculated from the confusion matrix and false negatives and false positives are reported separately because the costs are different in a screening setting and an overall error rate that merges them together would mask the difference. The post length stratification was in fact a subgroup design with quartile values calculated directly off the test partition to have the same number of instances within each quartile [70]. The audit is a diagnostic, not a corrective, exercise because if the imbalance were corrected by reweighting, the models to be compared would be changed, which would interfere with the main experiment [50].
[bookmark: _Toc9780]Chapter 5: Implementation
The next chapter explains the implementation of the system designed in Chapter 4. It records the computational environment, the internal structure of the code base and the technical challenges faced while developing the code with the solutions implemented. Of those three difficulties, three were quite large, and all are reported, since the way they have been diagnosed will directly affect the reliability of the results presented in chapter 6.
[bookmark: _Toc3695]5.1 Computational Environment and Structure
The next chapter explains the implementation of the system designed in Chapter 4. It records the computational environment, the internal structure of the code base and the technical challenges faced while developing the code with the solutions implemented. Of those three difficulties, three were quite large, and all are reported, since the way they have been diagnosed will directly affect the reliability of the results presented in chapter 6. 5.1 Computational Environment and Structure It was coded in Python and run on Google Colaboratory using a T4 gpu. The main libraries used are pandas for data manipulation, scikit-learn for the traditional models and the metrics used to evaluate them, the recurrent network TensorFlow, Keras, Natural Language Toolkit for lemmatisation and stop word lists, and Matplotlib for the figures, and SHAP for the attribution cross-check [56]. Accesses to the Google Drive folder are mounted for reading and writing of data, not to session storage. This was a direct result of the experience when developing, when a session timeout caused a set of results to be lost after a period of time [66]. This reproducibility is guaranteed on three levels: the Python random module is seeded via a single seed; the NumPy and the TensorFlow random number generators are seeded according to the same seed; the estimators from scikit-learn are seeded by the random state parameter; and finally, TensorFlow gets a global seed reset immediately before the network is built up [67]. The implementation is structured as a notebook of twelve sections to be implemented sequentially, in the same way as Section 4.1. There were two conventions throughout: For long running operations, there are progress prints after every step, so that a slow process can be differentiated from a stalled process [68]. Each table and each figure is stored onto persistent storage as it is created, not at the end of the run, thus preserving previously generated output in the event of a run failure later in the run. 
The divergent preprocessing of Section 3.5 is done using two functions applied to the same source column and yielding two derived columns, which remain together.
def clean_for_traditional(text):
    tokens = normalise(text).split()
    tokens = [lemmatiser.lemmatize(t) for t in tokens
              if t not in STOP_WORDS and len(t) > 2]
    return " ".join(tokens)

def clean_for_deep(text):
    return normalise(text)
It would be useful to keep both columns (not replace the source), because the word count for the fairness stratification is taken from the original text and hence reflects the length of the post as it has been written.
[bookmark: _Toc14893]5.2 First Difficulty: Failure of the Recurrent Network to Learn
The first deployment of the recurrent network has been unsuccessful. The accuracy of training increased from 0.18 to 0.25 over 7 epochs and the accuracy of validation did not change significantly from near 0.20, and the test macro F1 was 0.12. There were two observations that pointed to the cause. The average accuracy of the network after random guessing over 6 classes is around 0.167, therefore a validation accuracy of 0.20 meant that the network had learnt little. Much more strongly, the loss was near 1.79 and the natural log of six is 1.7918. The value of that cross-entropy loss is the one where the output distribution is uniform, thus the network was not learning slowly, but it was making the same prediction for all the inputs. It was identified that this was due to the combination of sequence padding and the recurrent architecture. Most sequences terminated with a long sequence of padding symbols, while sequences were padded to four hundred tokens and the median post consisted of 135 words. For a unidirectional LSTM, the last hidden state of the layer was being read after a number of hundreds consecutive padding tokens, meaning that the representation of the actual text had been overwritten by the padding tokens. The workaround was to allow masking on the embedding layer that would signal to the recurrent layer to ignore padded positions and ensure that the last state is the last actual token. This led to another challenge, as in the first attempt masking was done with pre-padding, which was not supported by the cuDNN accelerated implementation (which only supports masking for right padded sequences) [63]. The decision was made to keep the post-padding and use the mask to make the path fit the acceleration. Once this change, the network validation accuracy was above 0.36 after the first epoch [64].
[bookmark: _Toc3475]5.3 Second Difficulty: Cross-Partition Duplication
The second was identified through an explicit check and is the more concerning of the two. The first step of the deduplication was to provide it on a per-partition basis, i.e. removing posts that occur more than once within a single partition, but not finding a post that occurs more than once across multiple partitions. There were three posts found in both sets of file data across the three partitions, when the sets were intersected. It is small, about two tenths of one per cent of the test partition, and makes little difference to the reported numbers. It was nevertheless corrected for two reasons. The methodology in section 3.5 requires the removal of duplicates (to prevent instances from being included in more than one partition), and an uncorrected overlap will make this statement false. In general, a leakage path which is small in this corpus is not guaranteed to be small in other corpus. The implementation now gets rid of overlapping records in the evaluation partitions, not the training partition, which leaves training data untouched. This step leaves 1,485 records in the test partition, instead of the original 1,488. However, the check is kept in the notebook, and prints its result each time it is run, so that leakage is not taken for granted.
[bookmark: _Toc17330]5.4 Third Difficulty: Insufficient Optimisation of the Recurrent Network
The network was able to train without any error after the correction of the mask, however the macro F1 of the network was only 0.697, which is less than macro F1 of the Support Vector Machine in about thirteen points. The first analysis suggested the large body of text was too small to be adequate for the deep model. That was a wrong interpretation, and the way it was put to the test is worth of mention. The configuration search of Section 4.4 was adopted instead and run, as the result was unacceptable. The results were clear-cut. By lowering the batch size from 64 to 32, and increasing the embedding dimension, the validation macro F1 increased from 0.775 to 0.805 and the best configuration was 0.820, a gain of over twelve points from the original configuration. In retrospect, the mechanism is simple as it results in a higher number of gradient updates per epoch in a smaller batch, which is important if the embedding layer is not initialised using the pretrained vectors. If the search had not been conducted, the study would have concluded that the relative merits of the two model families were much more different than they actually are [65].
[bookmark: _Toc13263]
5.5 Implementation of the Interpretability Component
The closed form-attribution described in Section 4.5 is directly coded into NumPy. The difference between each instance sampled and the background mean is multiplied by each class's coefficient vector, resulting in a 3-D array indexed by class, instance and feature.
deviation = X_sample - background_mean
shap_values = np.stack(
    [deviation * coefficients[k] for k in range(N_CLASSES)])
The cross-check is also surrounded by exception handling, as the interface to the SHAP library has also evolved over the different versions and failure of the SHAP verification step should not prevent the pipeline from running when the main calculation is correct and does not depend on the verification step itself. A sample of 500 test instances is used, rather than the entire partition, since this is enough for a fairly stable mean attribution while still maintaining a relatively small memory footprint for a dense array with 10,000 feature dimensions [70]. The implementation is a repeat of the design in chapter 4 with 3 documented deviations, all of which resulted from problems during development. We added masking to the embedding layer, cross-partition deduplication to the data preparation stage, and the recurrent network configuration was selected as a result of search and not based upon first impression. Each of these three changes is evident in the results presented in Chapter 4.
[bookmark: _Toc444]Chapter 6: Evaluation of Results
This chapter reports the experimental results. The corpus as processed is described first, followed by comparative performance, per-class behaviour, the training behaviour of the recurrent network, the SHAP attribution analysis and the fairness audit. Assessment is against the three expectations as set out in Section 3.2. There are 1,485 posts on this test partition, and it has been evaluated once, when all the decisions to make had been made. 
[bookmark: _Toc31770]6.1 The Corpus as Processed
The Corpus as Processed.6.1 The Corpus as Processed. When cleaning, 13,724 of the data instances were in the training partition, 1,488 in the validation partition and 1,485 in the test partition.After cleaning, there were 13,724 instances in the training partition, 1,488 in the validation partition, and 1,485 in the test partition.
	Class
	Train
	Validation
	Test
	Total

	ADHD
	2,465
	248
	248
	2,961

	Anxiety
	2,422
	248
	248
	2,918

	Bipolar
	2,406
	248
	247
	2,901

	Depression
	2,450
	248
	248
	2,946

	PTSD
	2,000
	248
	247
	2,495

	None
	1,981
	248
	247
	2,476


Table 6.1: Class distribution across the three partitions after cleaning
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Figure 6.1: Class distribution across the three partitions
The class distribution for the three partitions is shown in figure 6.1. The imbalance is not very large, and the largest class is about a quarter larger than the smallest. The validation and test partitions are designed to be balanced around 248 instances per class, so the macro average and micro average will be very close on these partitions. Macro averaging is still kept, as it is the one that is still valid in case of a disturbance of the balance.
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Figure 6.2: Distribution of post length in the training set
The distribution of the post length in the training set is shown in figure 6.2.The post length distribution for the training set is depicted in figure 6.2. The distribution of post length is highly right skewed. The median post has 135 words, the ninety fifth percentile has 596, and the longest post is nearly seven thousand words. This distribution is used to motivate the truncation length of four hundred tokens which are taken in Section 4.2, and to justify the length-stratified analysis reported in Section 6.6.
[bookmark: _Toc25533]6.2 Comparative Performance
	Model
	Accuracy
	Macro Precision
	Macro Recall
	Macro F1

	Support Vector Machine
	0.8290
	0.8344
	0.8290
	0.8293

	LSTM
	0.8128
	0.8201
	0.8128
	0.8139

	Random Forest
	0.7906
	0.8019
	0.7906
	0.7921


Table 6.2: Comparative performance on the held-out test set
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Figure 6.3: Comparative performance across all four metrics
The first is that the LSTM would outperform the two traditional classifiers, but this does not hold true as the Support Vector Machine out performs LSTM by 1.5 points. A margin of 3.7 points backs the second expectation, that the Support Vector Machine is more effective than the Random Forest. This SVM accuracy of 0.8293 is almost six points higher than the result of 0.7718 obtained [10] for the same model on the same corpus. This difference can be explained by the dimensionality of the features. They limited their vocabulary to 1000 words, and in this case the current implementation achieves 0.8101, which is very close to their value. The traditional vs deep models results in the previous literature are thus largely due to a parochial feature selection approach and not to the model itself [69].
[bookmark: _Toc24340]6.3 Per-Class Behaviour
	Class
	Precision
	Recall
	F1
	Support

	ADHD
	0.8279
	0.8145
	0.8211
	248

	Anxiety
	0.7976
	0.8105
	0.8040
	248

	Bipolar
	0.8186
	0.7490
	0.7822
	247

	Depression
	0.7099
	0.8387
	0.7689
	248

	PTSD
	0.9324
	0.7814
	0.8502
	247

	None
	0.9202
	0.9798
	0.9490
	247


Table 6.3: Per-class results for the Support Vector Machine


	Class
	Precision
	Recall
	F1
	Support

	ADHD
	0.7823
	0.7823
	0.7823
	248

	Anxiety
	0.7884
	0.7661
	0.7771
	248

	Bipolar
	0.8357
	0.7004
	0.7621
	247

	Depression
	0.6219
	0.8024
	0.7007
	248

	PTSD
	0.8937
	0.7490
	0.8150
	247

	None
	0.8893
	0.9433
	0.9155
	247


Table 6.4: Per-class results for the Random Forest
	Class
	Precision
	Recall
	F1
	Support

	ADHD
	0.8672
	0.8427
	0.8548
	248

	Anxiety
	0.6910
	0.8387
	0.7577
	248

	Bipolar
	0.8512
	0.7409
	0.7922
	247

	Depression
	0.7203
	0.7581
	0.7387
	248

	PTSD
	0.8710
	0.7652
	0.8147
	247

	None
	0.9200
	0.9312
	0.9256
	247


Table 6.5: Per-class results for the LSTM
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Figure 6.4: Confusion matrices for the three models
The results of the LSTM are listed in Table 6.5.Table 6.5: Results per class for the LSTM. Confusion matrices of the three models are shown in Figure 6.4.Confusion matrices of the three models are displayed in Figure 6.4. The third expectation, which states that error will be concentrated in the anxiety, bipolar and depression classes, is somewhat supported and needs further development because error is not concentrated, but is direction. Depression is an attractor. It also has a high recall of 0.8387 for the Support Vector Machine, but the lowest of any class precision of 0.7099, and the Random Forest is worse with a precision of 0.6219. The models are assumed to be depressed when they are uncertain, and they are assumed to be able to learn from misclassified instances from all other conditions. The reverse effect is seen with PTSD, where precision is 0.9324 and recall is 0.7814; that is, a prediction of PTSD is very reliable, but a significant number of real cases of PTSD go undetected. The Support Vector Machine and Random Forest exhibit the weakest recall of 0.7490 and 0.7004, respectively, for bipolar disorder. The separation of the control class is nearly perfect with an F1 of 0.9490, which is much easier than distinguishing between different conditions. The reoccurring network does not exhibit a consistent weaker balance but rather a different one. It has the highest ADHD F1 value of any model (0.8548), but the lowest anxiety precision of all models (0.6910), meaning that it over-predicts the anxiety class, the same class that the traditional models over-predict with respect to depression.
[bookmark: _Toc29440]6.4 Training Behaviour of the Recurrent Network
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Figure 6.5: Loss and accuracy during training of the recurrent network
Figure 6.5: Loss and accuracy throughout training of the recurrent network The weights of the best epoch were restored by the early stopping mechanism after converging over 16 epochs of training. Further on, the curves clearly reveal signs of overfitting around the ninth epoch onward, with decreasing training loss and levelsing and increasing validation loss. The accuracy of training is 0.94 while the validation accuracy is 0.83, which is 11 points lower. When using early stopping on validation loss it did what it was supposed to do and the reported test loss was based on the restored weights and not the final epoch.







[bookmark: _Toc3925]6.5 Interpretability Analysis
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Figure 6.6: Terms with the greatest positive attribution for each class
The most important finding of the study is a negative one: the attribution analysis. If there is a single predominant term, this will be the name of the condition itself for every clinical class. The class label has an attribution much larger than every other label; the models are therefore making very heavy use of explicit self-identification rather than symptom language. The rest of the picture is better. Each class has clinically meaningful vocabulary that is included, such as stimulant medication and attentional vocabulary for ADHD, panic and fear vocabulary for anxiety, mood episode and mood stabiliser words for BD, and trauma and flashback words for PTSD. These are not arbitrary correlates, but those recognised [70]. The control class is the most obvious case of this as its first terms are topical artifacts of the source classes, not an absence of distress [51]. The overall picture suggests that reported accuracy is more evidence of transferable clinical competence than it is of this failure mode, and that this mode is exhibited in this corpus.
[bookmark: _Toc13367]6.6 Fairness Audit
	Class
	SVM FNR
	SVM FPR
	RF FNR
	RF FPR
	LSTM FNR
	LSTM FPR

	ADHD
	0.1855
	0.0340
	0.2177
	0.0437
	0.1573
	0.0259

	Anxiety
	0.1895
	0.0412
	0.2339
	0.0412
	0.1613
	0.0752

	Bipolar
	0.2510
	0.0331
	0.2996
	0.0275
	0.2591
	0.0258

	Depression
	0.1613
	0.0687
	0.1976
	0.0978
	0.2419
	0.0590

	PTSD
	0.2186
	0.0113
	0.2510
	0.0178
	0.2348
	0.0226

	None
	0.0202
	0.0170
	0.0567
	0.0234
	0.0688
	0.0162


Table 6.6: False negative and false positive rates by class
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Figure 6.7: False negative rate by class
Errors are not equally spread. The maximum difference is 23 percentage points between the false negative rate of the Control class (0.0202) and that of the Bipolar class (0.2510); this difference is completely hidden by the mean. All three models see the highest missed case rate for bipolar disorder at 0.2996, which is for the Random Forest. The rate of undiagnosed people discussing bipolar disorder when screened is about 25%. The false positive column features the opposite attractor of the depression attractor in Section 6.3. The Support Vector Machine and the Random Forest have the highest false positive rate for depression (0.0687) and the lowest for PTSD (0.0113) respectively. This reflects the two types of errors, which lie on different classes, just the way the single F1 figure merges them.
	Stratum
	Instances
	SVM
	Random Forest
	LSTM

	Q1, up to 81 words
	375
	0.7850
	0.7346
	0.7803

	Q2, 81 to 138 words
	370
	0.8192
	0.7883
	0.8124

	Q3, 138 to 246 words
	372
	0.8266
	0.8021
	0.8081

	Q4, above 246 words
	368
	0.8732
	0.8172
	0.8389


Table 6.7: Macro F1 across post length strata
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Figure 6.8: Performance across post length strata
On shorter posts performance systematically decreases. All models have their lowest scores in the shortest quartile and their highest scores in the longest quartile, and the Random Forest model is the most impacted, moving from 0.8172 to 0.7346. Users who write briefly are not just a subpopulation of users, so this is an advantage in distribution, not solely on the technical side, and it lends credence to the concern of [14] about representativeness. Out of the three stated expectations, one is contradicted, two are supported and one is supported in a refined manner. The Support Vector Machine is able to perform best with a minimal amount of computation compared to the recurrent network, a point that directly addresses the deployment argument in Section 1.7. The attribution analysis, however, results in the identification of a significant proportion of the performance being attributable to explicit self-identification rather than clinical language, and the fairness audit results in the identification of a significant proportion of the residual error being distributed unevenly over the conditions and unevenly over post length.
[bookmark: _Toc4449]Chapter 7: Conclusions and Recommendations
This chapter summarizes the work undertaken in the context of the aim and objectives outlined in Chapter 1, makes a summary statement of conclusions that can be drawn from the evidence, recognizes the limits and boundaries of those conclusions and identifies directions for further research. The chapter ends with a short reflection on the process of the project.
[bookmark: _Toc10785]7.1 Achievement of the Objectives
The first task review and critically synthesise the existing literature – was fulfilled in Chapter 2. The review was able to report the ordering of performance across studies, established that there was no formal guarantee provided by SHAP that attention weights and local surrogate methods do not, and documented that applied fairness auditing in this domain is rare. It also made a few concrete design choices, such as using a unidirectional recurrent architecture and adopting a tunable, instead of fixed, feature dimensionality. The second goal, which was to get the comparative classification results, was released throughout Chapters 4 and 5. Three models were deployed in the same controlled pipeline, with the same data, partitioning and the same evaluation code path. The most significant methodological contribution is the controlled comparison, because the cross-study comparison is not reliable without it, due to confounding. The third aim, which is to validate and interpret the resulting models, was accomplished in Chapter 6 by using per class metrics and a confusion matrix analysis, per class SHAP attribution, and disaggregated fairness audit by classes and post length strata. All three objectives were fulfilled and the general objective achieved.
[bookmark: _Toc21532]7.2 Conclusions
The first is about the relative performance of the model families. A well-tuned Support Vector Machine over TF-IDF has been able to achieve a macro F1 of 0.8293, which is better than the recurrent network, with a macro F1 of 0.8139, and the Random Forest with a macro F1 of 0.7921. This does not follow the first expectation which is stated in Section 3.2 that the deep model will lead. Explanation is not negative. The present implementation was tested with one-thousand features, as used by  [10] and yielded 0.8101 which is close to the reported value. This difference of six points between the two studies is therefore due to the difference in feature dimensionality, not to any difference in the algorithms. Much of the benefits that the literature ascribes to deep models in this corpus seem to be due to poorly tuned traditional baselines. The second finding relates to interpretability, and is the most important conclusion. The per class attribution analysis identified that for each clinical class the dominant feature was the name of the condition itself, making the use of symptom vocabulary limited. Beyond that dominant term, clinically meaningful terms do exist and map onto known markers, but it is the size of the class name attribution that will overestimate transferable clinical capacity. A system that relies on a user entering their condition in the name would behave very differently with names where this is not true. Two decades ago, [20] already envisioned this failure – and those performance metrics that were created cannot find it. The only way to get to this conclusion is to conduct an attribution analysis, the most compelling evidence presented in the study for the necessity of interpretability as a requirement rather than an optional add-on. The third is about fairness. The distribution of errors is not uniform. The false negative rates were between 0.0202 for control class and 0.2996 for bipolar disorder, and were found to decrease systematically as the post length decreased for all the models. In a screening setting these are not merely technical issues but rather distribution issues; namely, if a person expresses distress and it is not picked up, then they were not screened, and if a user writes a short message then they are not a random sample of users. Both patterns would have been masked in the single aggregate number that is normally reported. The fourth conclusion is applied. The Support Vector Machine performed best on the tasks where training was done in less than a minute on standard hardware and no accelerated computation was used, and its coefficients could be directly inspected. The recurrent network would need a graphics processing unit, a configuration search and extra machines to generate any explanation whatsoever. For deployment in resource-limited environments  most of the world's environments with the greatest burden of mental illness  the simpler model is the more defensible option on this evidence.
[bookmark: _Toc10923]7.3 Limitations
The problem is that there is a labelling limit. Labels are assigned to a post based on the subreddit it was posted on, and not based on clinical assessment, and thus are all labels about the detection of community-associated language patterns, not labels about clinical diagnosis [28]. This is because the single label constraint allows no comorbidity, which is often present in practice, and a post representing two conditions is considered an error when the model predicts the presence of the first condition but not the second. When the confusion matrix has a systematic confusion between two clinically related conditions, the reason for this confusion is either a failure to discriminate or a failure to label, and the evaluation cannot distinguish between the two. As a result of the single platform constraint, conclusions reached in this study should not be generalized to other platforms with different length conventions or user base and there was no cross-platform validation conducted. The limitations of its model set also prevent the study from drawing conclusions from its data on the performance of its own transformers and only published data can be used for comparison. The following points should also be noted as a limitation of the fairness audit: The subgroup analysis was limited to post length, as there were no demographical attributes in this corpus to infer. The concerns of  [14] and  [26] about the lack of demographical information in the audit are therefore not directly addressed, and the report does not say what should be measured but what the data supports [30].
[bookmark: _Toc21996]7.4 Recommendations for Further Research
The easiest way is to do an ablation study where the name of the condition is dropped from the input as done [20]. The attribution analysis proved that these terms are predominant in the models, but it did not determine the level of performance without them. That is the more accurate reflection of clinical ability, and that is as easy as it gets, requiring a simple change in the preprocessing stage. The second is multi-label formulation. This is the right step forward that [18] point out, and will help clear up the current interpretation of the confusion matrix, which is affected by the ambiguity of comorbidity. A third would be cross-platform validation, in the sense that the training was done on Reddit, and the testing was done on another platform, thus testing the models directly with respect to the conditions, and with respect to the communities as well, and setting an empirical limit on the claim of generalisation. A fourth direction is a controlled comparison that involves tuning under the same discipline as is used here with transformer models [44]. It is unclear whether the reported transformer advantage would stand the test of an equally careful comparison to the traditional baseline, which has been improved by six points with proper search of feature dimensionality [46].
[bookmark: _Toc524]7.5 Reflective Account
The most valuable methodological decision was stating the three expectations in Section 3.2 before any results were obtained. One was contradicted, one supported and one supported in refined form. The contradiction did not become a problem, but a discovery, and was investigated by the study rather than the narration being sublimely adjusted to suit it. The most instructive problem was that the recurrent network didn't learn. What it took to solve the problem was a realization that the loss had converged to a uniform output distribution, not slow learning, and that it was converging to that distribution at the natural log of the number of classes. The next episode was even more educative, as the initial network coverage was only 0.697 and it was tempting to take this and draw the conclusion that deep learning was not appropriate for this corpus size [43]. The search, on the other hand, added over a dozen points to it and if no search had been run the study would have confidently reported a result that was wrong [39]. The most uncomfortable finding was the result of attribution which determined that significant amount of the accuracy reported is due to users typing the names of their conditions [29]. The headline numbers could have been presented without this analysis and a more rosy picture drawn. Reporting makes for a less sound conclusion about ability and more sound conclusion about method and the more useful is the latter.
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